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There are more things in heaven and earth, Horatio,

Than are dreamt of in your philosophy.

William Shakespeare, Hamlet, 1.v



Abstract

The increasing ambition of neuroscience and neurotechnology both supplies and
demands vast new quantities of neural data, which creates a critical need for methods
that can operate effectively on neural data at scale. This need could be addressed
by deep learning. Here, we assess this program for sensorimotor intracortical brain-
computer interfaces (iBCI). iBCI systems have traditionally modeled the brain through
short datasets to relate a user’s neural activity with their bodily state. Although this
approach can enable both motor control and sensory feedback, it is brittle, as the
models built from a small snapshot of brain data rarely outlive the controlled context in
which the data was collected. Real-world iBCI use will demand exquisite reliability and
convenience, which in turn requires that iBCI systems evolve to operate on brain data
with the texture and scale of everyday use. We approach this in three steps: assembling
the groundwork for large-scale neural data models, executing the scaling and evaluating
what it yields, and then moving upstream to refine the preprocessing of the neural data
that these models are built on. Our first contribution lays two pieces of groundwork:
an architecture and an evaluation. For the architecture, we design a Transformer
deep network (Neural Data Transformer 2, NDT2) that can be productively trained
on data from across time, subjects, and tasks, and use this Transformer to establish
promising scaling trends that motivate larger-scale training. For the evaluation, we
create a decoding benchmark (FALCON) to measure the consistency of BCI models
across sessions under few-shot recalibration. Our second contribution is to execute the
scaling, by training and evaluating across a large corpus of intracortical motor data.
The resulting model (NDT3) provides a baseline demonstration of the foundation
model concept for intracortical motor decoding across settings, but its returns suggest
that cross-subject transfer on intracortical data presents a fundamental challenge,
motivating careful design of evaluations for neural foundation models. Our third
contribution moves from decoding spiking activity to preprocessing and denoising
broadband neural data under intracortical microstimulation. Our artifact rejection
model (DELETE) casts preprocessing as information compression, treating locally
predictable data as artifact and its complement as informative neural signal. This
framing allows robust recovery of spiking activity under strong and varied electrical
artifacts. The ambition of scaled neural interfaces is immense. For neuroscientific

understanding of the brain, scaled models hint at a path to understanding the brain



in its intricate detail. For neurotechnology, scaled models promise BCIs that restore
independence as conveniently and personally as consumer electronics. This thesis

provides an infrastructure to build towards this goal.
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Chapter 1

Introduction

1.1 Motivation

In that Empire, the Art of Cartography attained such Perfection that the
map of a single Province occupied the entirety of a City, and the map
of the Empire, the entirety of a Province. In time, those Unconscionable
Maps no longer satisfied, and the Cartographers Guilds struck a Map of
the Empire whose size was that of the Empire, and which coincided point
for point with it.
— Jorge Luis Borges, “On Exactitude in Science,”
trans. Andrew Hurley [1]

The brain, in its marvelous detail, has been the subject of mapping and modeling
for as long as we have been able to observe it. This endeavor of data collection and
analysis constitutes our account of the brain, dating back to the first recordings of
giant squid axons and Penfield’s pioneering work on mapping of human sensorimotor
cortex. Though we have come far from these first experiments, our understanding of
the brain remains deeply limited.

Like the Cartographers, though our collective goal might be daunting, we proceed
with our daily work in neuroscience in a flurry of data collection. More broadly, our field
has an intense focus on advancing our instruments to interface with larger portions of
the brain, at greater spatiotemporal resolution. Structural mapping is advancing from
whole fly brains toward the larger scales of mouse and human brains [2-4]. For brain
function, the number of simultaneously recorded neurons in animal electrophysiology

and imaging follows a steady exponential growth [5|, and the experiments in which
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these recordings occur are increasingly complex and challenging [6].

The implicit premise of these efforts is that with a sufficiently exquisite measure
and model, we will advance towards our grand goal of a deeper, unified account of the
brain. Criticism within neuroscience of exhaustive data collection, in that it might not

provide the understanding we seek, is not uncommon [7-9|. Indeed, Borges continues:

The following Generations, who were not so fond of the Study of Cartog-
raphy as their Forebears had been, saw that that vast Map was Useless,
and not without some Pitilessness was it, that they delivered it up to the
Inclemencies of Sun and Winters. In the Deserts of the West, still today,
there are Tattered Ruins of that Map, inhabited by Animals and Beggars.

This thesis’ central project is nonetheless to make like the Cartographers and chart
a path forward for large-scale brain data modeling. We pursue this goal unabashed
by the fable’s warning because we have impetus beyond understanding, namely the
practical promise of scaled neurotechnology. Fortunately, the devices we build to
understand the brain are readily usable for practical purposes. For instance, the very
same electrodes that are used to observe neural activity as, say, a monkey reaches for
a banana, can be wired to power a brain-computer interface (BCI) that moves a robot
hand to grab that same banana. BCIs hold large rehabilitative potential, as they can
bypass an individual’s native neural pathways that might be damaged from spinal
cord injury or neurodegeneration, to allow direct sensorimotor interaction with the
world.

As in the rest of neuroscience, BCI data collection is only growing in scale. In
particular, BCI systems developed for sensorimotor impairments have achieved enough
success in research settings that a number of companies are now competing to com-
mercialize the technology. The models we develop for BCI systems thus must now be
compatible with many different potential users at high reliability. More tersely, we
need models that are compatible with large-scale BCI data.

This demand is naturally met with deep learning. The past decade has been defined
by the explosion of deep learning methods first across natural language processing and
computer vision, and then into nearly every data-driven field. This broad adoption
of deep learning across domains has cemented a number of narrative expectations.
Performance improves with the scale and breadth of the data a model is pretrained
on, rather than with the ingenuity of the model’s method. The progress of scaling

efforts should be measured by pre-established benchmarks, as individual claims are
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noisy from the complexity of coupled algorithm design and data pipelines. Finally,
deep learning offers a way to rethink the data pipelines themselves.

We now pursue this program for BCI data.

1.2 Contributions and organization

The remainder of this thesis is organized as follows.

¢ Chapter 2 briefly reviews background content. We first cover intracortical
brain—computer interfaces, enumerating their current capabilities and limitations.
We then provide basic priming for deep learning methods and how they have
been applied to BCI data.

e Chapter 3, reproduced from Ye et al. [10], develops Neural Data Transformer
2 (NDT2), a spatiotemporal Transformer for neural spiking activity, and demon-
strates that pretraining can leverage motor BCI datasets spanning sessions,
subjects, and experimental tasks. We show that NDT2 enables rapid adaptation
to novel contexts in downstream decoding, and that the benefit of pretraining

scales differently across context classes.

e Chapter 4, reproduced from Karpowicz et al. [11], introduces the FALCON
benchmark suite (Few-shot Algorithms for COnsistent Neural decoding), which
standardizes evaluation of iBCI robustness. FALCON curates five datasets
of neural and behavioral data spanning movement and communication tasks,
each with calibration data, optional few-shot recalibration data, and private
evaluation data, alongside an evaluation platform and seeded baselines. The
resulting comparisons establish that consistent decoding across sessions remains

unsolved.

e Chapter 5, reproduced from Ye et al. [12], quantifies the foundation model
premise directly, pretraining an autoregressive Transformer on 2000 hours of
neural population spiking activity paired with diverse motor covariates from
over 30 monkeys and humans. The resulting model is broadly useful, benefiting
decoding on 8 downstream tasks and generalizing across a variety of neural
distribution shifts. But scaling from 200 to 2000 hours already requires increasing
model size to 350M parameters to avoid saturation, several downstream datasets

scarcely benefit from scale at all, and two targeted demonstrations trace this limit
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to variability in the input and output spaces across neural datasets — variability

that pretraining alone does not appear to resolve.

e Chapter 6, reproduced from Ye et al. [13], turns to the signal itself, present-
ing DELETE (Denoising Electrical Events with a Transformer Encoder), a
reconstruction-based denoiser built on the premise that neural signal is harder
to predict than artifact. DELETE matches the best baselines across multiple
artifact simulations, preserves neural signal in stimulation-free recordings, and
recovers neural activity in intracortical microstimulation datasets where artifacts

dwarf the responses of interest.

¢ Chapter 7 reviews the contributions of this thesis in the context of a broader
roadmap for building large-scale models of neural data. We first discuss what
the presented work leaves critically unanswered, and then what the work enables

for future directions.



Chapter 2

Background and Related Work

2.1 Brain—computer interfaces

2.1.1 The basics

A B performance
T Able-bodied i

1
Strong 'Weak recalibration
priors

Time
Figure 2.1. A) A sensorimotor BCI-enabled control loop. By recording neural activity from
an implanted microelectrode array, this BCI can allow the user to control a robotic hand.
When touch sensors on the hand contact a physical object, we can deliver stimulation pulses
back to the brain to provide the user with sensory feedback. B) Motor BCI models must
be calibrated to relate neural activity at the implant interface with the user’s intentions.
Performance increases over an explicit calibration phase, which can be accelerated with
learned priors, but will decline over time during free use of the system. This decline can be
mitigated with varied recalibration methods.

A brain-computer interface (BCI) is a system that allows observation and control

of neural activity. In the rehabilitative setting, for example, BCIs can record from
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motor cortex to predict movement intentions and can control sensory cortex to evoke
sensations. Together, the premise of a sensorimotor BCI is that we might directly
relate a user’s neural activity with their sensorimotor experience, and thereby restore
a degree of sensorimotor function to a paralyzed user (Fig. 2.1A).

Over the last two decades, a number of studies have demonstrated the efficacy of
human BCIs based on implanted microelectrode arrays [14, 15]. With implants in
motor cortex recording neuronal spiking activity, users have achieved control of digital
cursors, robotic arms, and language and speech generation [16-19]. With stimulation
of implants in somatosensory cortex, users perceive tactile sensations on their hand,
which is valuable as an end in itself but can also be utilized functionally for more skillful
motor control [20-23|. BCI algorithms research now unfolds on several axes, naturally
including expanding BCI capabilities to new functional milestones [24, 18|, but also
making the existing repertoire reliably performant across users and time [25, 26|, and
minimizing user burden for system adoption [15, 27].

Though this thesis focuses on implanted microelectrode arrays, we briefly review
the broader landscape of neural interfaces, which span a range of invasiveness, resolu-
tion, and coverage. Historically, most BCI demonstrations have been electrode-based,
for electrophysiology’s high temporal resolution and ready use in stimulation as well
as recording. When macroelectrodes are applied to the scalp, we term the modal-
ity electroencephalography (EEG); EEG provides whole-brain coverage at minimal
signal quality. This has historically provided minimal information rate that could
only meaningfully drive clickers or spellers, in which the user selects among options
presented on a display and throughput is counted in characters per minute [15, 28|.
Electrocorticography (ECoG) and depth electrodes (as in SEEG) use intermediate
electrode sizes, and consequently have intermediate spatial coverage and resolution.
ECoG has supported long-horizon decoding [29, 30| and is a compelling candidate for
the rehabilitative use case that the microelectrodes we study also target.

BCI systems have been prototyped for many more modalities — functional near-
infrared spectroscopy, endovascular devices, ultrasound, and even functional magnetic
resonance imaging (fMRI). The same holds for writing in: beyond electrical stimulation,
optogenetic and chemogenetic tools [31, 32| can address genetically defined populations
rather than whatever lies near an electrode, and focused ultrasound offers a route to
deep structures without an implant [33]. Despite the wide variety in these modalities, all

implied BCI systems promise potential scaled data collection. It is not known, however,
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to what extent large-scale data can qualitatively overcome any given modality’s

classically understood capabilities given by raw signal quality.

2.1.2 Recording and decoding motor intent

Motor decoders and BCI control are enabled by the tuning of motor cortex neurons to
movement [34]. Exploiting that different neurons in a population are tuned to different
directions of movement, we can build a basic decoder simply by summing preferred
directions weighted by normalized firing rates [34, 35]. Optimal linear estimators refine
this by weighting each unit’s contribution to correct for a non-uniform distribution
of preferred directions, while Kalman filters instead add a smoothness prior over
the decoded kinematic state. The former enabled high-performance robotic arm
control [16, 36|, while the latter is a workhorse method for cursor BCIs [37]. We refer
the reader to Pandarinath and Bensmaia [15] for a fuller treatment of the progression
of motor BCI algorithms.

Innovations in motor BCI control focus on two main axes. The first axis is achieving
high-bandwidth and high-degree-of-freedom control. After the first cursor control
BCIs were demonstrated in monkeys [38-40] and then in a person with tetraplegia [41],
considerable focus was given to improving control bandwidth, as surfaced by the
fluency and responsiveness of the cursor [37, 19]. This drove innovation in calibration
data annotation strategies without much change in the underlying models. In parallel,
research focused on applying motor BCIs to tasks with more degrees of freedom, with
the waterline pushed to 10 degrees of freedom in robotic arms [16, 36]. Here the
strategy again involved extended calibration and careful protocol development. Further
degrees of freedom are challenging due to potential interference, or at least nonlinear
interaction, between simultaneously active control dimensions and environmental
context [36, 42-44].

The second axis for improvement is maximizing BCI performance over time. A
schematic performance curve is shown in (Fig. 2.1B). BCI models are initialized with
a calibration protocol where experimenters collect paired neural activity and motor
intention labels by prompting the user to behave according to experimental cues. The
gray arc shows how BCI performance will increase with this calibration period [45],
but then decline over time due to signal nonstationarities that render the calibration

data less relevant [46]. Nonstationarity is a blanket term here, as mechanically, a
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number of different causes degrade decoders. The recorded signal may degrade as the
electrode surface wears down over a characterized lifetime [47-50], and from turnover
in the recorded population itself, where over half of units can become unstable from
one day to the next [51-53]. The mapping from neural activity to the user’s desired
motor intention itself may also shift without the recording changing at all, as the same
movement is produced under a different task context [44, 54, 55], a different body
posture [56], or a different cognitive state [57, 58|.

While recalibration can mitigate changes in the neural-behavioral mapping, we
seek algorithmic solutions that minimize user burden. Some researchers have begun
exploiting the relatively small data drift over time and straightforwardly treat a large
corpus of calibration data across multiple days as decoder training. This strategy has
been used to provide multiple months of continuous performance in speech BCIs and
2D cursor control BCIs [17, 59, 60, 25|. Multi-day data modeling has also enabled
stable reach and grasp performance in an electrocorticographic (ECoG) device [29].
However, even with many days of data to calibrate an initial model, performance
eventually degrades. In this event, performance can also be maintained without
explicit supervised recalibration by leveraging behavioral priors (Weak recalibration
in the figure) [61, 26| as a source of weak learning signal. However, none of these
methods have yet been proven for continuous multi-DoF upper limb control, which
requires a greater variety of behavior at higher temporal precision and ostensibly poses

a greater challenge to model stability.

2.1.3 Restoring sensation with intracortical microstimulation

Somatosensory feedback is integral to motor control, supplying the contact, force, and
slip cues that shape an ongoing motor plan [62]. Intracortical microstimulation (ICMS)
aims to restore this channel directly, passing small-current stimulation pulses through
electrodes implanted in somatosensory cortex to activate a nearby volume of tissue. In
doing so, ICMS can emulate touch feedback for neuroprosthetics, and indeed has been
shown to improve BCI control of a robotic arm [22]. Currently, ICMS can achieve a
variety of perceptual effects through poorly modeled mechanisms. In humans, ICMS in
area 1 evokes tactile percepts that localize to the hand in accordance with the known
somatotopy [20], and can elicit proprioceptive as well as cutaneous sensations [23|. Two

key ICMS parameters, stimulation amplitude and frequency, modulate detectability
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and perceived intensity along characteristic psychometric curves [63], but their exact
relationships with perception are electrode-dependent [64].

Reflecting the field’s relative immaturity in comparison with motor BClIs, sensory
BCIs do not particularly struggle with model stability because they lack precise
models of evoked sensations to begin with. That is, while any given stimulus’s evoked
percept location and quality appear relatively stable over time [65], the relationships
between precise features of the evoked sensations, such as intensity and duration,
and electrode choice and stimulation parameters are difficult to predict [66], and
drift slowly over time [67, 68]. The consequence is that sensory BCI capabilities
are currently developed by collecting a library of perceptual responses to varied
stimulation patterns and curating the electrodes that produce desired percepts for
use in functional tasks. Composing stimulation patterns or evoking more naturalistic
percepts are difficult research programs as most progress has depended on expensive
trial-and-error behavioral assessments, though see (69, 70].

One promising framework for future stimulation design is biomimicry: designing
ICMS to evoke neural responses resembling those of natural touch, rather than directly
matching stimulation frequencies or amplitudes to physical parameters [71]. Current
biomimetic approaches reproduce coarse, subject-general features of natural touch [72],
while feedback is otherwise typically delivered under the assumption that neural
responses scale proportionally with stimulation frequency or amplitude [65]. These
coarsely biomimetic patterns have improved percept naturalness [72], but optimizing
ICMS to reproduce natural neural responses more fully will require models of how
those responses depend on stimulation [73].

Evoked neural responses have long been investigated as guides to stimulation in
cochlear implants and deep brain stimulation |74, 75|, and now support closed-loop
spinal cord stimulation |76]. For optimizing ICMS, a particular goal is to shape neural
responses at millisecond timescales [77|. Electrical artifacts complicate modeling at
these timescales, and recent ICMS-optimization frameworks have instead targeted
activity measured after stimulation trains have ended |78, 79]. At the same time,
recordings between individual stimulation pulses are already possible with appropriate
recording hardware and artifact processing [77, 80]. These capabilities open a path
toward ICMS control based on the neural responses unfolding during stimulation,

rather than only those measured after a train.
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2.2 Deep learning for neural data

2.2.1 Deep networks for BCI data

Modern deep learning organizes applications research by the data being modeled, the
model architecture, and the optimization objective. We will take this approach to
introduce deep networks in BCI.

Data: The neural data recorded from our BCIs are multichannel voltage time
series. Traditionally, and throughout most of this thesis, this broadband voltage is
filtered and thresholded to extract rapid, transient deflections, which mark putative
spikes from a neuron nearby the recording electrode (though see [81]). The typical
BCI studied in this thesis will use a small number of Utah arrays [82, 83] implanted in
non-human primates (NHPs) or humans, which yield 100 to 200 electrode channels of
data with dozens of high-amplitude spiking waveforms, along with many more channels
recording multiunit activity that is not easily separable into distinctive waveforms.
Our motor datasets will also contain upper-limb covariates, for example in the form
of kinematics or electromyography that vary on the timescale of seconds. In NHP
datasets, these behaviors generally derive from physical sensors, but as mentioned
in Section 2.1, a different strategy must be used to create human BCI datasets since
human BCI users have impaired control of their native limb. Human BCI datasets
instead assert a certain behavior and experimentally cue the user to attempt the
behavior. This artificial association means that the behavior label is likely to be
temporally warped and otherwise imprecise [84] relative to the unobserved motor
intention of the user. The electrical stimuli used in sensory datasets comprise trains of
biphasic current-controlled pulses, where each individual pulse’s timing and amplitude
can be varied. Perceptual reports to ICMS, though minimally discussed in this thesis,
can be given in terms of binary detection, scalar ratings of intensity, or free-form
language.

Architecture: The mainstays of broader deep learning architectures that have
flourished in the last decade, including multi-layer perceptrons (MLPs) [85], convo-
lutional neural networks (CNNs) [86], recurrent neural networks (RNNs) [87], and
Transformers [88|, have all been applied to BCI data, and have been compared directly
in online decoding [89]. While in practice architectures have since been refined or
mixed, many recent works have used either RNNs or Transformers [17, 59, 27]. The

former is incumbent because its explicit dynamical system mirrors neural dynamics,
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while the latter is empirically dominant outside neuroscience. RNNs process time-
series data one timestep at a time, maintaining an internal state that evolves with the
input data. An RNN provides an appealing interpretative lens for neural data, as its
iterations describe the evolution of the neural dynamical system. The Transformer,
in contrast, does not maintain a centralized state but instead learns the relationship
between fragments of the data. Each of these fragments is called a token, and they
could be, for example, the population activity vector at the start of an experimental
trial, abstract metadata about the experiment, or the vertical velocity of a user’s arm.

Objective: This thesis focuses on explicit data prediction objectives, namely
regression and classification. This will be true despite the variety in the qualitative
function of our different models. When the work’s objective is to model neural data
in isolation, we say we are interested in the model’s representation learning. At other
times, we say we are building decoders of neural data to predict behavior, or encoders
of stimuli to predict neural activity. With the lens of deep networks in particular,
these different terms all implementationally overlap, in that the underlying models
are operating between one or two data modalities.

Challenges: BCI datasets feature a number of challenges that uniquely interact
with deep learning. First, by experimental design, there is often a large component of
the neural data that appears strongly connected to the covariate of interest, implying
there is not an immediately clear role for nonlinear DNNs. For example, in the
motor cortex, we can identify single neurons with firing activity that can be well
characterized by a cosine tuning curve with two parameters, a preferred arm direction
and depth of firing rate modulation to movement in that direction. To balance this
simplicity, BCI datasets will often have nonstationarities [51, 53, 52|, as discussed
in Section 2.1.2. New cognitive states, neurophysiological changes at the electrode
interface, and BCI system hardware state can all introduce shifts in the observed
activity. These externalities are difficult to directly observe, so we must build systems

that are implicitly robust to these shifts so as to enable stable BCI performance [60].

2.2.2 Foundation models for neural data

A modern trend in deep learning applications research is to create a model that achieves
broad competence across tasks in a field, at which point the model can be considered

a “foundation model.” The term “foundation model” was most deservingly coined in
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natural language processing [90], where a large-scale initial training phase (pretraining)
across internet text created models that dominated popular benchmarks [91]. Empirical
scaling laws characterized predictable reductions in language-model prediction loss
with increases in training data, model size, and computation [92], which became
broadly interpreted as improvements in data efficiency across all tasks with scale.

Upstream (pretraining) and downstream (target-task) performance can be corre-
lated, but the relationship is nuanced [93| and usually depends on how much target-task
data is available. Gains in low-data settings need not persist at the downstream data
budgets available in practice. In object detection and segmentation, He et al. [94]
showed that models trained from scratch could match models pretrained on ImageNet
when given longer training on the target dataset, COCO. Pretraining accelerated
convergence but did not necessarily improve final accuracy. Zoph et al. [95] further
found that more labeled target data and stronger data augmentation diminished the
benefit of ImageNet pretraining. The choice of pretraining source likewise mattered less
as fine-tuning data increased [96]. To more comprehensively understand the efficacy
of scaling pretraining, we should thus evaluate benefits at a variety of target-data
budgets.

The fundamental challenge of replicating the success of pretraining for neural data
is the separation of potential pretraining data on distinct axes, which imposes potential
transfer learning challenges. For example, datasets vary in sessions, subjects, tasks,
brain regions, and recording modalities. Cross-subject transfer learning is particularly
important to overcome from the perspective of accelerating performance of devices
for new BCI users, but is also particularly challenging, due to individual variability
in neural activity, as well as variability in sensor or electrode placement. While this
problem is particularly salient for implanted microelectrodes, even non-invasive scaling
studies have reported little further benefit from adding subjects [97]. One promising
success story for cross-subject transfer, though, is Meta’s electromyography-based
wristband achieving scaling of zero-shot performance on new users, after training with
data from thousands of volunteers [98].

Neural foundation models are pursued for several different goals, depending on
whether the model is framed as an unsupervised model over neural data, an encoder,
or decoder. Unsupervised representation learning models learn representations from
neural data alone, typically with masked reconstruction or contrastive objectives [99-

105, 10]. These models have the most direct claim to providing a cohesive account of the
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brain, and can perform neural forecasting tasks [106] or cross-region prediction [107].
Encoding models predict neural responses to sensory stimuli, typically pairing a shared
model of vision or language with subject- or neuron-specific readouts [108-111]. Such
models are increasingly used as in-silico experimental surrogates, that allow generation
of stimuli likely to induce targeted neural responses or behavior. These surrogate
models accelerate in vivo experiments by reducing their role to validation [112]. Finally,
there are foundation models focused on BCl-style decoding. Intracortical models pool
motor recordings across sessions and subjects, while speech systems have reached
high performance by accumulating many labelled hours within a single participant
and leaning on a strong downstream language prior [17, 113, 59, 27]. Implanted
microelectrodes are a relatively niche domain, and there are larger-scale efforts to
build foundation models for EEG [101, 102, 114], and even sEEG [100, 105]. The
performance gains promised by foundation models have even motivated BCI decoding
in nontraditional modalities such as fMRI [115-117].



Chapter 3

Neural Data Transformer 2:
Multi-context Pretraining for Neural

Spiking Activity

This chapter is reproduced from “Neural Data Transformer 2: Multi-context Pre-
training for Neural Spiking Activity” (Advances in Neural Information Processing
Systems, 2023), by Joel Ye, Jennifer L. Collinger, Leila Wehbe, and Robert Gaunt.

3.1 Introduction

Intracortical neural spiking activity contains rich statistical structure reflecting the
processing it subserves. For example, motor cortical activity during reaching is
characterized with low-dimensional dynamical models [118, 119], and these models can
predict behavior under external perturbation and provides an interpretive lens for motor
learning [120-122|. However, new models are currently prepared for each experimental
context, meaning separate datasets are collected for each cortical phenomena in each
subject, for each session. Meanwhile, spiking activity structure is at least somewhat
stable across these contexts; for example, dominant principal components (PCs) of
neural activity can remain stable across sessions, subjects, and behavioral tasks [123—
126]. This structure persists in spite of turnover in recorded neurons, physiological
changes in the subject, or task changes required by the experiment [60, 46]. Conserved

neural population structure suggests the opportunity for models that span beyond
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single experimental contexts, enabling more efficient, potent analysis and application.
In this work we focus on one primary use case: neuroprosthetics powered by
intracortical brain computer interfaces (iBCIs). With electrical recordings of just
dozens to hundreds of channels of neuronal population spiking activity, today’s iBClIs
can relate this observed neural activity to behavioral intent, achieving impressive
milestones such as high-speed speech decoding [17] and high degree-of-freedom control
of robotic arms [36]. Even so, these iBCIs currently require arduous supervised
calibration in which neural activity on that day is mapped to behavioral intent. At
best, cutting-edge decoders have included training data from across several days,
producing thousands of trials, which is still modest by deep learning standards [17].
Single-session models still dominate the Neural Latents Benchmarks (NLB), a primary
representation learning benchmark for spiking activity [127]. Thus, despite the
scientifically observed conserved manifold structure, there has been little adoption of
neural population models that can productively aggregate data from broader contexts.
One possible path forward is deep learning’s seemingly robust recipe for lever-
aging heterogeneous data across domains: a generic model backbone (e.g. a Trans-
former [128]), unsupervised pretraining over broad data, and lightweight adaptation
for a target context (e.g. through fine-tuning). The iBCI community has set the stage
for this effort, for example with iBCI dataset releases (Section A.1.1) and Neural Data
Transformer (NDT) [88], which shows Transformers, when prepared with masked
autoencoding, model single-session spiking activity well. We hereafter refer to NDT
as NDT1. Building on this momentum, we report that Transformer pretraining can
apply to motor cortical neural spiking activity from iBClIs, and allows productive
aggregation of data across contexts.
Contributions: Here, we contribute NDT2, a Transformer that pretrains over broad
data sources of motor cortical spiking activity. NDT2 modifies NDT1 to improve
scaling across heterogeneous contexts in three ways (Section 3.3): spatiotemporal
attention, learned context embeddings, and asymmetric encode-decode [129]. We
find positive transfer with data from different data sessions, subjects, and tasks,
and quantify their relative value. Once pretrained, NDT2 can be rapidly tuned in
novel experimental sessions. We focus on offline evaluation on motor applications,
demonstrating NDT2’s value in decoding unstructured monkey reaching and human
iBCI cursor intent. We also show proof-of-principle real-time cursor control using
NDT2 in a human with an iBCI.
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3.2 Related Work

Unsupervised neural data pretraining. Unsupervised pretraining’s broad appli-
cability is useful in neuroscience; little is common across neural datasets except the
neural data itself. Remarkably, pretraining approaches across neural data modalities
are similar; of the 4 sampled in Table 3.1, 3 use masked autoencoding as a pretraining
objective (EEG uses contrastive learning), and 3 use a Transformer backbone (ECoG
uses a CNN). Still, each modality poses different challenges for pretraining; for iBCIs
that record spiking activity, the primary challenge is data instability [15]. The high
spatial resolution of iBCI microelectrode arrays enables recording of individual neurons
and provides the signal needed for high-performance rehabilitation applications, but
this fine resolution also causes high sensitivity to shifts in recording conditions [46, 15|.
iBClIs typically require recalibration within hours, relative to ECoG-BClIs that may not
require recalibration for days [30|. At the macroscopic end, EEG and fMRI can mostly
address inter-measurement misalignment through preprocessing (e.g. registration to
an atlas).

Table 3.1. Neural data pretraining. NDT2, like contemporary neural data models,
are intermediate pretraining efforts, comparable to early-modern large language models like
BERT [130]. Neural models vary greatly in task quality and data encoding; implanted devices
(Microelectrodes, ECoG, SEEG) severely restrict the subject count available (especially with
public data). Volume is estimated as full dataset size / model input size. ECoG = Elec-

trocorticography’ SEEG = Stereo electroencephalography; EEG = Electroencephalography;
fMRI = Functional magnetic resonance imaging.

Modality Task Estimated Pretraining Volume Subjects
Microelectrodes (ours) Motor reaching 0.25M trials ~12
ECoG: LFP [131] Naturalistic behavior 0.04M trials / 108 days [132] 12
SEEG: LFP [100] Movie Viewing 3.2M trials / 4.5K electrode- 10

hrs
fMRI [103] Varied (34 datasets) 1.8M trials (12K scans) 1.7TK
EEG [99] Clinical assessment  0.5M trials / (26K runs [133]) 11K
BERT [130] Natural Language IM ‘trials’ (3.3B tokens) -

Data aggregation for iBCI. Data aggregation for iBCI has largely been limited to
multi-session aggregation, where a session refers to an experimental period lasting up to
several hours. These efforts often combine data through a method called stitching [134].

For context, the extracellular spiking signals recorded on microelectrode arrays are
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sometimes “sorted” by the shape of their electrical waveforms, with different shapes
attributed to spikes from distinct putative neurons. Sorted data has inconsistent
dimensions across sessions, but as mentioned, activity across sessions has been observed
to share consistent subspace structure, as e.g. identified by PCA [124]. Stitching aims
to extract this stable subspace (and also resolve neuron count differences) by learning
readin and readout layers per session. Stitching has been applied to BCI and broader
neuroscience applications over half a year [87, 135, 136, 46, 137|. However, even linear
layers can add thousands of parameters, which risks overfitting in clinical iBCI data
that comprise only dozens of trials.

Alternatively, many iBCI systems simply forgo spike sorting, which appears to
have a minor performance impact [60, 15]. Then, multi-session data have consistent
dimensions and can feed directly into a single model [60, 138, 139] (even if the
units recorded in those dimensions shift [51]). Note that these referenced models also
typically incorporate augmentation strategies centered around channel gain modulation,
noising, or dropout, emphasizing robustness as a design goal.

Relative to existing efforts, NDT2 aims to aggregate a larger volume of data by
considering other subjects and motor tasks (Fig. 3.1B). The fundamental tension we
empirically study is whether the increased volume of pretraining is helpful despite the
decreased relevance of heterogeneous data for any particular target context.
Domain-adaptive vs. domain-robust decoding. Given little training data, special
approaches help enable BCI decoder use in new, shifted contexts. For example, decoders
can be designed to be robust to hypothesized variability in recorded populations by
promoting invariant representations through model or objective design [139-141].
Alternatively, decoders can be adapted to a novel context with further data collection,
which is reasonable especially if only unsupervised neural data are required. Several
approaches align data from novel contexts by learning an input mapping that minimizes
distributional distance between novel encodings and pretraining encodings explicitly [46,
142, 143]. NDT?2 also allows unsupervised adaptation, simply by fine-tuning without

additional objectives.
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Figure 3.1. A. NDT2 is a spatiotemporal Transformer encoder-decoder in the style of He

et al. [129], operating on binned spiking activity. During masked autoencoding pretraining, a
spike rate decoder reconstructs masked spikes from encoder outputs; downstream, additional
decoders similarly use encoder outputs for behavior prediction (e.g. cursor movement). The
encoder and decoders both receive context embeddings as inputs. These embeddings are
learned vectors for each unique type of metadata, such as session or subject ID. B. NDT?2
aims to enable pretraining over diverse forms of related neural data. Neural data from other
sessions within a single subject are the most relevant but limited in volume, and may be
complemented by broader sources of data.

3.3 Approach

3.3.1 Designing Transformers for unsupervised scaling on neu-

ral data

Transformers prepared with masked autoencoding (MAE) [130] are a competitive model
for representation learning on spiking neural activity in single contexts, as measured by
their performance on the NLB [127]. Cross-domain Transformer investment has also
produced vital infrastructure for scaling to large datasets. Thus, we retain Transformer
MAE [129], as the unsupervised pretraining recipe. This architecture is reviewed
in Fig. 3.1A.

The primary design choice is then data tokenization, i.e. how to decompose the full
iBCI spatiotemporal spiking activity into units that NDT2 will compute and predict
over. Traditionally, the few hundred neurons in motor populations have been analyzed
directly in terms of their population-level temporal dynamics [118]. NDT1 [88] follows
this heritage and directly embeds the full population, with one token per timestep. Yet

across contexts, the meaning of individual neurons may change, so operations to learn
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spatial representations may provide benefits. For example, Le and Shlizerman [144]
and Liu et al. [141] add spatial attention to NDT’s temporal attention. Yet separate
space-time attention can impair performance [145] and requires padding in both space
and time when training over heterogeneous data. Still, the other extreme of full
neuron-wise spatial attention has prohibitive computational cost. We compromise and
group K neurons to a token (padding if needed), akin to pixel patches in ViTs [146].
Neural “patches” are embedded by concatenating projections of the spike counts in
the patch. In pilot experiments, we find comparable efficiencies between this patching
strategy and factorized attention. We opt for full attention design to easily adopt
the asymmetric encoder-decoder proposed in [129]. This architecture first encodes
unmasked tokens and uses these encodings to then decode masked tokens. This 2-step
approach provides memory savings over the canonical uniform encoder architecture,
as e.g. popularized in the language encoder, BERT [130].

We next consider token resolutions. In time, iBCI applications benefit from control
rates of 50-100Hz [147]; we adopt 50Hz (20ms bins) and consider temporal context up
to 2.5s (i.e. 125 tokens in time). Given a total context budget of 2K tokens (limited
by GPU memory), this leaves a few dozen tokens for spatial processing. It is currently
common to record from 100-200 electrodes with an interelectrode spacing of 400pm
(Blackrock Utah Arrays) [135, 16], so our budget forces 16-32 channels per token. We
note that future devices are likely to record from thousands of channels at a time with
much higher spatial densities [148], which will warrant new spatial strategies.

NDT2 also receives learned context tokens. These tokens use known metadata to
allow cheap specialization, analogous to prompt tuning [149] from language models or
environment embeddings [150] from robotics. Specifically, we provide tokens reflecting

session, subject, and task IDs.

3.3.2 Datasets

We pretrain models over an aggregation of datasets; the relative volume of different
datasets are compared in Fig. 3.2A, with details in Section A.1.1. All datasets contains
single-unit (sorted) or multi-unit (unsorted) spiking activity recorded from either
monkey or human primary motor cortex (M1) during motor tasks. In particular, we
focus evaluation on a publicly available monkey dataset, where the subjects performed

self-paced reaching to random targets generated on a 2D screen (Random Target
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Task, RTT) [151], and unpublished human clinical BCI datasets. RTT data contains
both sorted and unsorted activity from two monkeys over 47 sessions (~20K seconds
per monkey). RTT is ideal for assessing data scaling as it features long, near-hourly
sessions of a challenging task where decoding accuracy increases with data [45]. For
comparison, in the Maze NLB task, which uses cued preparation and movement
periods, decoding performance saturates by 500 trials [127]|. Since RTT is continuous,
we split each session into 1s trials in keeping with NLB [127].

We also study M1 activity in 3 human participants with spinal cord injury (P2-P4).
These participants have limited preserved motor function but can modulate neural
activity in M1 using attempted movements of their own limbs. This activity can
be decoded to control high degree-of-freedom behavior [36]; we restrict our study to
2D cursor control tasks to be most analogous to RTT, which also restricts targets
to a 2D workspace. All experiments conducted with humans were performed under
an approved Investigational Device Exemption from the FDA and were approved by
the Institutional Review Board at the University of Pittsburgh. The clinical trial is
registered at clinicaltrials.gov (ID: NCT01894802) and informed consent was obtained
before any experimental procedures were conducted. Details on the implants and

clinical trial are described in [16, 36|, and similar task data are described in [152].

3.4 Results

We demonstrate the three requirements of a pretrained spiking neural data model for a
BCI: a multi-context capable architecture (Section 3.4.1), beneficial scaled pretraining
(Section 3.4.2) and practical deployment (Section 3.4.3, Section 3.4.4). We discuss the
impact of context tokens in Section A.1.4.

Model preparation and evaluation. Most experiments used a 6-layer encoder
(~3M parameters). NDT2 adds a 2-layer decoder (0.7M parameters) over NDT1 [88];
we ran controls to ensure this extra capacity does not confer benefits to comparison
models. To ensure that our models were not bottlenecked by compute or capacity in
scaling (Section 3.4.2), models were trained to convergence with early stopping and
progressively larger models were trained until no return was observed. We pretrain
with causal attention where tokens cannot attend to future timesteps, as would be
the case in realtime iBCI use (though bidirectional attention improves modeling). We

pretrain with 50% masking and dropout of 0.1. Further hyperparameters were not
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Figure 3.2. Model Training: A. We model neural activity from human and monkey reach.
In monkey models, evaluation sessions are drawn from a self-paced reaching dataset [151];
multi-session and multi-subject models pretrain with other sessions in these data. The
multi-task model pretrains with the other monkey reach data. Human models use a similar
volume of data. B. A multi-session model pretrains with data from an evaluation subject,
with held-out evaluation sessions. Then, for each evaluation session, we first do unsupervised
tuning off the pretrained model, and then train a supervised probe off of this tuned model.
C. We show which model components are learned (receive gradients) during pretraining and
the two tuning stages. For example, supervised probes use an encoder that received both
pretraining and tuning on a target session. All tuning is end to end.

c. Neural Behavior

swept in general experiments; initial settings were manually tuned in pilot experiments
and verified to be competitive against hyperparameter sweeps. Further training details
are given in Section A.1.3. We briefly compare against prior reported results, but
to our knowledge there is no other work that attempts similar pretraining, so we
primarily compare performance within NDT-family design choices.

Model preparation and evaluation follows several steps, as summarized in Fig. 3.2B
and C. We evaluate models on randomly drawn held-out test data from select “target”
sessions (selection is later detailed per experiment). Separate models are prepared
for each target session, either through fine-tuning or by training from scratch for
single-context models. For unsupervised evaluation, we use the Poisson negative log-
likelihood (NLL) objective, which measures reconstruction performance of randomly
masked bins of test trials (Fig. 3.2C middle). For supervised evaluation, we report
the R? of decoded kinematics, which for these experiments are 2D velocity of the
reaching effector (Fig. 3.2C right). These supervised models are separately tuned off
the per-evaluation session unsupervised model; so that all supervised scores receive

the benefit of unsupervised modeling of target data [153].



CHAPTER 3. NEURAL DATA TRANSFORMER 2 22

3.4.1 NDT2 enables multicontext pretraining

We evaluate on five temporally spaced evaluation sessions of monkey Indy in the
RTT dataset, with both sorted and unsorted processing. Both versions are important;
sorted datasets contain information about spike identity and are broadly used in
neuroscientific analysis, while unsorted datasets are frequently more practical in BCI
applications. Velocity decoding is done by tuning all models further with a 2-layer
Transformer probe (matching the reconstruction decoder). Here we provide the models
with 5 minutes of data (300 training trials) for each evaluation session. This quantity
is a good litmus test for transfer as it is sufficient to fit reasonable single-session models
but remains practical for calibration. A 10% test split is used in each evaluation
session (this small % is due to several sessions not containing much more than 300
trials). We pretrain models using approximately 20K trials of data, either with the
remaining non-evaluation sessions of monkey Indy (Multi-Session), the sessions from
the other monkey (Multi-Subject), or from non-RT'T datasets entirely (Multi-Task,
see Fig. 3.2).

Prior work in multi-session aggregation either use stitching layers or directly train
on multi-day data with consistent unit count. Thus, we use NDT1 with stitching as a
baseline for sorted data, and with or without stitching for unsorted data. NDT2 pads
observed neurons in any dataset to the nearest patch multiple. All models receive
identical context tokens.

We show the performance of these pretrained models for sorted and unsorted data
in Fig. 3.3. For context, we show single-session performance achieved by NDT1 and
NDT2, and the decoding performance of the nonlinear rEFH model released with
the dataset [45]. rEFH scores were estimated by linearly interpolating the 16ms and
32ms scores in Makin et al. [45]. ! Single session performance for NDT1 and NDT2
is below this baseline. However, consistent with previous findings on the advantage
of spatial modeling [144], we find single-session NDT?2 provides some NLL gain over
NDT1. Underperforming this established baseline is not too unexpected: NDT’s
performance can vary widely depending on the extent of tuning (Transformers span
a wide performance range on the NLB, see also Section A.1.3). Part of the value of

pretraining is that it greatly simplifies the tuning needed for model preparation [154].

!The rEFH model data splits vary slightly from ours: its data splits are sequential and contiguous
in time, whereas we use random draws in keeping with NLB. NDT2 sorted decoding drops from 0.54
to 0.52 when mirroring Makin et al’s data splits.
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Figure 3.3. NDT2 enables pretraining over multi-session, multi-subject, and multi-task
data. We show unsupervised and supervised performance (mean of 5 sessions, SEM intervals
of 3 seeds) on sorted (A) and unsorted (B) spiking activity. Higher is better for R2, lower is
better for negative log-likelihood (NLL). Pretraining data is size-matched at 20Ks, except
scratch single-session data. NDT2 improves with pretraining with all data sources, whereas
stitching is ineffective. aggregation is helpful but does not apply beyond session
transfer. A reference well-tuned decoding score from the rEFH model is estimated [45].

However, in sorted data shown in Fig. 3.3A, all pretrained NDT2 models outperform
rEFH and single-session baselines, both in NLL and kinematic decoding. Surprisingly,
multi-subject data work as well as multi-session data, and multi-task data provide
an appreciable improvement as well. NDT-Stitch performs much worse in all cases,
and in fact, cross-task pretraining brings NDT-Stitch below the single-session baseline.
We expect that stitching is less useful here than in other works because other works
initialize their stitching layers by exploiting stereotyped task structure across settings
(see PCR in [87]), and we cannot do this because RTT does not have this structure.

The unsorted data has consistent physical meaning (electrode location) across
datasets within a subject, which may particularly aid cross-session transfer. Indeed,
unsorted cross-session pretraining achieves the best decoding (> 0.7R?) in these
experiments (Fig. 3.3B, blue diamond). The consistent dimensionality should not
affect cross-task and cross-subject decoding, yet they also improve vs their sorted
analogs, indicating the unsorted format benefits decoding in this dataset. Given this,
we use unsorted formats in subsequent analysis of RT'T. Otherwise, relative trends
are consistent with the sorted case. Both analyses indicate that different pretraining
distributions all provide some benefit for modeling a new target context, but also that

not all types of pretraining data are equivalently useful.
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Figure 3.4. Scaling of transfer on RTT. We compare supervised R? (A) and unsupervised
NLL scaling (B) as we increase the pretraining dataset size. Each point is a model; non
single-session models calibrate to evaluation sessions with 100 trials. All pretraining improves
over the leftmost 100-trial single-session from-scratch model, though scaling benefits vary by
data sources. C. We seek a convergence point between pretraining and training from scratch,
as we increase the number of trials we use in our target context. Models converge by 3K
trials.

3.4.2 NDT?2 scaling across contexts

Naturally, cross-session data are likely the best type of pretraining data for its close
relevance, but less relevant data can also occur in much greater volumes. To inform
future pretraining data efforts, we perform three analyses to coarsely estimate the
data affinity [155] of the three different context classes (cross-session, cross-subject,
and cross-task). Previously these relationships have been grounded in shared linear
subspaces [123-125|; we now quantify this in the more general generative model
encompassed by DNN performance scaling.

Scaling pretraining size. We consider transfer as we scale pretraining size, so
as to extrapolate trends that might forecast the utility of progressively larger data.
Specifically, we measure performance after tuning varied pretrained models with 100
trials of calibration in a novel context. We do this for both supervised (Velocity R?)
and unsupervised (NLL) metrics in Fig. 3.4A and B respectively. To contextualize
performance of cross-context scaling, we measure in-distribution scaling of intra-session
data (Scratch). For example, the largest cross-session model tuned with 100 trials
achieves a NLL similar to 1K trials of intra-session data (Fig. 3.4B, Cross-session vs

Scratch). This shows that cross-session data can capture a practically long tail of
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single-session neural variance (experiments rarely exceed 1K trials), with nonsaturated
benefits in pretraining dataset size. Alternately, cross-session pretraining allows de-
coding performance similar to the largest single-session model performance (Fig. 3.4A,
Cross-session vs Scratch), but this scaling is starting to saturate.

Shallower slopes for cross-subject and cross-task pretraining on both metrics

indicate poorer transfer to evaluation data. In the unsupervised case (Fig. 3.4B), cross-
subject and cross-task transfer never exceed the NLL achieved with 400 single-session
trials. Note that our task scaling may be pessimistic as we mix human data (Table
3.2) with monkey data to prepare the largest model, but the trend before this point
is still shallow. However, these limitations do not clearly translate to the supervised
metric (note that discrepant scaling metrics are also seen in language models [93]).
For example, the decode R? achieved by the largest task-pretrained model compares
with in-session models at 800 trials; the same model’s NLL is most comparable that
of a 300 trial single-session model.
Convergence point with from-scratch models. It remains unclear how rapidly
pretraining benefits decrease as we increase target context data. We thus study the
returns from pretraining as we vary target context calibration sizes [156] (Fig. 3.4C).
Both models yield returns up to 3K trials, which represents about 50m of data
collection in the monkey datasets, and coincidentally is the size of the largest dataset
in [151]. Session pretraining provides larger gains, but task pretraining e.g. also
respectably halves the data needed to achieve 0.61 NLL. This indicates pretraining is
complementary to scaling target session collection efforts. This need not have been
the case: even Fig. 3.4B suggests that task transfer by itself is ineffective at modeling
the long tail of neural variance. Note that returns on supervised evaluation are likely
similar or better based on Fig. 3.4A /B; we explore a related idea in Section 3.4.3.

Overall, the returns on using pretrained BCI models depends on the use case. If
we are interested in best explaining neural variance, pretraining alone underperforms
a moderately large in-day data collection effort (single-session model achieves lowest
NLL in Fig. 3.4B). However, we do not see interference [156] in our experiments,
where pretraining then tuning underperforms a from-scratch model. Thus, so long as
we can afford the compute, broad pretraining is advantageous; we show these trends
are repeated for two other evaluation sessions in Section A.1.6. We reiterate that our
pretraining effort is modestly scaled; the largest pretraining only has 2 orders more

data than the largest intra-context models. These conclusions may further strengthen
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insofar if we are able to better scale curation of pretraining data over individual

experimental sessions.

3.4.3 Using NDT2 for improved decoding on novel days

RTT Decoding. A continuously used BCI presents the optimistic setting of having
both broad unsupervised data but also multiple sessions worth of supervision for our
decoder. To evaluate NDT?2 in this case, we follow 1st stage unsupervised pretraining
with a 2nd stage of supervised pretraining of a decoder, and finally measure the
decoding performance in a novel target session in Fig. 3.5A. We find that given either
supervised or unsupervised tuning in our target session, beyond smoothly improving
over the 0-Shot Pretrained model’s performance, achieves decoding performance on par
with the best from-scratch models at all data volumes. This is true both in the realistic
case where the majority of target-session data are unlabeled (100 Supervised Trials)
and in the optimistic case when >1K trials of supervised data are available (Scratch).
As expected, though, gains against the Scratch models are largest when target session
data are limited. In sum, pretraining and fine-tuning enables practical calibration
without explicit domain adaptation designs (as explored e.g. in [46, 142, 143]).
Human BCI evaluation. We next evaluate NDT2 in offline decoding of human
motor intent, i.e. open loop trials of 2D cursor control. This shift from actual reach
in monkeys is challenging: human sessions often contain few trials (e.g. 40) and
intent labels are much noisier than movement recordings (intent labeling is described
in Section A.1.1). We now evaluate a temporally contiguous experimental block, but
only tune one model over this block, rather than per session, due to the high session
count. We also increase test split to 50% to decrease noise from evaluating only a few
trials.

We also compare broad pretraining (multi-session, subject, and task) performance
(Table 3.2, row 1) with various data ablations. Ablating cross-subject data only has a
minor performance impact (row 1 vs 2), while ablating cross-task data, which here
indicates removal of data collected during online control and leaving only open-loop
observation trials, hurts performance more (row 3 vs 1). We note that NDT2 fails to
train using only single-sessions given extremely low trial count; we use linear decoding
performance as a single-session reference linear decoding performance. Overall, the

plentiful cross-session data likely occludes further gains from cross-subject and cross-
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Figure 3.5. Tuning and evaluating pretrained decoders. A. In offline experiments, we
compare a multisession pretrained model calibrated to a novel day against current approaches
of a pretrained model without adaptation (0-Shot) and from-scratch training ( , orange).
Both supervised and unsupervised outperforms these strategies. Standard error shown over 3
seeds. B. In human control pilot experiments, we evaluated models on 3 test days. “0-Shot”
models use no data from test days. C. Average reach times in 40 center-out trials is shown
for 3 decoders over 2-3 sessions. This average includes trials where target is not acquired
in 10s, though this occurs 1-2 times in 40 trials. Session NDT2 uses <250 trials of data,
while Broad NDT?2 also includes other human and monkey data. Pretrained models provide
consistent 0-Shot control while OLE [100] can sometimes fail (shown by X). Control improves
with either unsupervised or supervised tuning. However, OLE appears to overtake NDT2
with supervision.

task pretraining, but note that there is no negative transfer.

Next, given reports of monkey to human transfer [157|, we assess whether monkey
data in either pretraining or decoder preparation improves decoding (Table 3.2, rows
4-7). We find that monkey data, however incorporated, reduces offline decoding
performance (row 4-7 < 1). This cross-species result is the first instance of possible
harm from broader pretraining, but warrants further study given the potential of

transferring able-bodied monkey decoders to humans.

3.4.4 NDT2 for human cursor control pilots.

Finally, to assess NDT2’s potential for deployed BClIs, we run realtime, closed-loop
cursor control with one person, P4. This person was implanted recently (~ 2 months

prior), and has high signal quality but limited historical data. We compare two NDT2
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Table 3.2. Human reach intent decoding. We analyze how pretraining data impacts
offline decoding in two people, P2 and P3. Checks (v) indicate the data used in pretraining
beyond task- and subject-specific data; human data totals 100K trials for P2 and 30K trials
for P3. Intervals are SEM over 3 fine-tuning seeds. Pretraining transfers across task and
somewhat across subject, but there is no benefit from monkey data.

Neural data (Unsup. pretrain) Behavior (Sup. pretrain) Velocity R? (1)

Cross-  Cross- +130K +24K

Subject  Task Monkey RTT (Monkey) P2 P3
1) v v 0.503+0.020 0.515+0.008
2) v 0.487+0.007  0.509+0.016
3) v 0.444+0.007  0.493+0.002
4) v v v v 0.486+0.012  0.472+0.019
5) v v v 0.490+0.007  0.477+0.018
6) v v v 0.474+0.009 0.491+0.010
7) v 0.443+0.005 0.455+0.013
8) Smoothed spike ridge regression (OLE) 0.077 0.208

models, one of which pretrains with 10 minutes of participant-specific data, and one
broadly pretrained on all human and monkey data, along with a baseline linear decoder
(indirect OLE [158]). We evaluate the setting where decoders from recent days are
available, and can either be used directly (0-shot) or updated with calibration data
on the test day (Fig. 3.5B). All models can be supervised with test day data, but
NDT2 models can also use unsupervised tuning with only neural data. In a standard
center-out BCl-reaching task (methods in Section A.1.2), NDT?2 allows consistent
0-shot use, whereas OLE sometimes fails (Fig. 3.5C, blue X). After either form of
tuning, both NDT2 models (multisession, broad) improve. Importantly, NDT2 tunes
without any additional distribution-alignment priors, as in [46, 140, 139|, showing
that pretraining and fine-tuning [130] may be a viable paradigm for closed loop motor
BClIs.

Perhaps surprisingly, OLE provides the best control given supervised data. The
performance gap and large distribution shift from offline analysis to online control
is well known [15], though the specific challenge of DNN control only has basic
characterization. For example, NDT2 decodes “pulsar” behavior as in [136]. Costello
et al. [89] provides a possible diagnosis: these pulses reflect the ballistic reaches of
the open loop training data, whereas OLE, due to its limited expressivity, will always

provide continuous (but less stable) control that can be helpful in time-based metrics.



CHAPTER 3. NEURAL DATA TRANSFORMER 2 29

Promising approaches to mitigate the pulsar failure mode include further closed-loop
tuning [159] or open-loop augmentation [136]; we leave continued study of NDT2

control for future work.

3.5 Discussion

NDT2 demonstrates that broad pretraining can improve models of neural spiking
activity in the motor cortex. With simple changes to the broadly used masked
autoencoder Transformer, NDT2 at once spans the different distribution shifts faced
in spiking data. We find distinct scaling slopes for different context classes, as opposed
to a constant offset in effectiveness [92]. For assistive applications of BCI, NDT2’s
simple recipe for multisession aggregation is promising even if the ideal scenario of
cross-species transfer remains unclear. More broadly, we conclude that pretraining,
even at a modest 10-100K trials, is useful in realistic deployment scenarios with varied
levels of supervised data.

Supervising pretrained BCI decoders. Motor BCIs fundamentally bridge two
modalities: brain data and behavior. NDT2 allows neural data pretraining, but
leaves open the challenge of decoding of the full range of motor behavior. Without
mapping that range, BCIs based on neural data pretraining alone will need continuous
supervision. This is still a practical path forward: beyond explicit calibration phases,
strategies for supervising BCIs are diverse, and can derive from user feedback [160],
neural error signals [161, 162], or task-based estimation of user intent [61, 159, 84|. The
ambition of pretrained BCI models, with broad paired coverage of the neural-behavior
domain will be challenging given the experimental costs of data collection; the field of
robotics suggests that scaled offline or simulated learning are important strategies given
this expense. Since we lack convincing closed-loop neural data simulators (though
see [163, 61]), understanding how to leverage behavior from existing heterogeneous
datasets is an important next step.

Negative NLB result. NDT2 performance did not exceed current NLB SoTA on
motor datasets (RTT, Maze) [164]. We first note the NLB evaluation emphasizes
neural reconstruction of held-out neurons, which differs from our primary emphasis on
decoding. Second, our unsupervised scaling analysis indicates that modest pretraining
(100K trials) provides limited gains for neural reconstruction, especially when the target

dataset has many trials (Fig. 3.4C), as in the NLB RTT dataset, so underperformance
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does not contradict our results. Revisiting the NLB after further scaling may be
fruitful.

Limitations. NDT2’s design space is under-explored. For example, we do not
claim that full spacetime attention is necessary over factorization. While NDT?2
achieves positive transfer, further gains may come from precise mapping of context
relationships [155]. Further, it is difficult to extrapolate the benefits of scaling
beyond what was explored here, particularly with gains in unsupervised reconstruction
appearing very limited. Our evaluation also has a limited scope, emphasizing reach-like
behaviors. While these behaviors are more general than previous demonstrations of
context transfer [46, 143, 139, 140|, evaluating more complex behavior decoding is a
practical priority. Further, NDT2 benefits are modest in human cursor control pilots,
reiterating the broadly documented challenge in translating gains in offline analyses
to online, human control [136, 15]. Finally, design parameters such as masking ratio
may affect scaling trends, which we cannot assess due to compute limits.

Broader Impacts. Pretrained iBCI models may great improve iBCI usability.
However, DNNs may require further safeguards to ensure that decoded behaviors,
especially in real-time control scenarios, operate within reasonable safety parameters.
Also, pretraining will require data from many different sources, but the landscape
around human neural data privacy is still developing. While there are very few humans
involved in these experiments, true deidentification remains difficult, requiring, at a

minimum, consented data releases.



Chapter 4

Few-shot Algorithms for Consistent
Neural Decoding (FALCON)

Benchmark

This chapter is reproduced from “Few-shot Algorithms for Consistent Neural Decod-
ing (FALCON) Benchmark” (Advances in Neural Information Processing Systems,
Datasets and Benchmarks Track, 2024), by Brianna M. Karpowicz, Joel Ye, Chaofei
Fan, Pablo Tostado-Marcos, and colleagues. B.M.K. and the candidate contributed
equally.

4.1 Introduction

Brain-computer interfaces (BCIs) provide a path to restore movement and commu-
nication in individuals with paralysis by decoding neuronal population activity to
uncover the user’s intention. BCIs have recently achieved many promising demonstra-
tions, including high degree of freedom robot arm control [16, 40|, computer use and
communication [19, 165, 135, 166-168|, and speech decoding [113, 17, 59, 169, 170].
A specific class of BCIs known as intracortical BCIs (iBCls) have enabled many of
these impressive technological feats. However, many of these demonstrations have
required decoders to be recalibrated daily or even more frequently, interrupting device
use and burdening the user. Real-world iBCI deployment will require maintaining
high performance over long time periods with minimal recalibration. The challenge

here stems from nonstationarities in the neural data that are caused by many factors
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acting at multiple timescales, such as shifts in the position of the electrode relative to
surrounding tissue, changes in tissue properties in response to electrode implantation,
electrode malfunction, or neural plasticity [51, 52]. These nonstationarities result
in a changing relationship between neural data and behavior, necessitating frequent
decoder recalibration to maintain high performance.

Fortunately, despite these nonstationarities, there are many potential ways to
leverage structure in neural or behavioral data to help reduce the burden of recali-
bration [53|. For example, while the spiking activity recorded on an individual iBCI
electrode can change over timescales of hours, neural population activity contains low
dimensional structure (manifolds) that shows a consistent relationship with behavior
over months to years [87, 171, 124]. Realignment methods that exploit these con-
served manifolds [172, 173, 46, 143, 174, 139, 175]can restore decoding without explicit
calibration periods. Alternatively, rather than focusing on structure intrinsic to the
neural data, another set of approaches attempts to achieve robustness by continually
recalibrating decoders using the retrospective analysis of data collected during the
subject’s normal use of the iBCI [176-178]. A third strategy has centered on super-
vised deep network training using many sessions to yield decoders that are robust to
session-to-session variability [60, 25|, which may be extended further to potentially
yield universal iBCI decoders that generalize to new subjects or tasks [179, 180, 137].
These diverse and potentially complementary efforts converge around a single problem
statement: the real-world iBCI decoding challenge is to maintain high performance on
distinct, but related, data distributions, with minimal data from the new setting.

While these diverse approaches have thus far used their own ad-hoc evaluation,
standardization could enable rigorous comparison to assess real-world potential and
highlight advances upon which future efforts can build. We propose the FALCON
benchmark, Few-Shot Algorithms for Consistent Neural Decoding, as a common
evaluation for stable, long-term decoding performance. FALCON releases 5 multi-
session datasets that span movement and communication tasks relevant to iBCls:
human and monkey reach and grasp behavior (H1, M1), monkey finger movement
(M2), human handwriting (H2), and birdsong (B1). These datasets are divided into
held-in and held-out sessions. To evaluate how well few-shot decoders advance iBCI
robustness given real-world data constraints, only a small amount of supervised data
is released from held-out sessions. Approaches for the more challenging settings of

only using neural data on new sessions (unsupervised), or no data from new sessions
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(zero-shot), can also be evaluated using the same data splits. This report describes
the design of the benchmark, its datasets, and the performance of baseline models.
By introducing FALCON, we aim to establish standardized evaluation practices for
robust iBCI decoding approaches that can provide researchers with metrics to select

methods for in-device use.

4.1.1 Related work

Benchmarks of BCI Decoding. FALCON evaluates iBCI decoding, or the predic-
tion of intention from neural activity. To date, benchmarks of decoding have been
uncommon compared to other fields using machine learning. The early BCI competi-
tion series [181] and more recent additions of the International BCI Competition [182]
and MOABB [183] evaluated decoding in offline (i.e., pre-recorded) noninvasive neural
datasets in multiple subjects and highlighted several of the challenges faced in iBCI
datasets (multi-session transfer, removal of repeated data structure). More recently,
the Brain2Text decoding benchmark [184] evaluates speech decoding in human iB-
CIs. However, absent a strong benchmarking culture, models across intracortical
and noninvasive neural recording modalities [179, 180, 137, 185-189| are still often
evaluated on different public or private datasets. This lack of standardization makes
comparison across works difficult due to subjectivity in preprocessing, metric choice,
and evaluation design.

Benchmarks on Neural Data. Benchmarks for neural data analysis are related
but differently motivated than decoding benchmarks. BrainScore [190] evaluates
the ability of models to predict brain data when trained on non-neural data tasks.
The Sensorium [191] and Algonauts [192] challenges evaluate encoding models that
predict brain activity of mouse visual cortex and human fMRI, respectively, given
visual stimuli. The Neural Latents Benchmark (NLB) [193] evaluates latent variable
models on spiking activity from different brain areas of monkeys. While the NLB
has a decoding metric, this metric is computed with ridge regression on inferred
latent variables and is not treated as a primary endpoint. FALCON directly evaluates
decoding, allows more flexibility in decoder architecture, and more closely aligns with

the goal of evaluating the quality of iBCI decoders.
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Figure 4.1. FALCON Evaluation Design. (a) Top: BCI decoders are prepared by
collecting calibration data where a user attempts to perform a cued behavior. This process
yields paired examples of behavioral outputs and associated neural data. Bottom: Current
practice requires new calibration data to train new decoders. High decoding performance
may require substantial data, motivating methods for few-shot decoding. FALCON provides
full “held-in” sessions and evaluates few-shot decoding on “held-out” sessions. (b) Each
session in a FALCON dataset contains multiunit threshold crossings and behavioral data
(which are discrete sentences in H2 and continuous covariates otherwise). Evaluation data
is withheld from all sessions. All remaining data is released publicly for held-in sessions.
Only a small fraction of data is released for held-out sessions. (¢) FALCON’s design enables
comparison of different approaches for consistent decoding. Zero-shot methods use no data
from held-out sessions, few-shot methods use the calibration splits from held-out sessions,
and test-time adaptive methods can implement behavior-free, unsupervised decoder updates
during evaluation.

4.2 Benchmark evaluation pipeline and metrics

4.2.1 Evaluation strategy and pipeline

FALCON evaluates behavioral decoding from iBCI neural activity in five datasets.
Each dataset comprises multiple sessions of data divided into two contiguous splits:
held-in and held-out (Fig. 4.1a). As in standard decoder calibration, held-in sessions
provide sufficient data to train a high-performing decoder; held-out sessions are
prepared for evaluating few-shot decoder performance and therefore include insufficient
data to prepare decoders from scratch ( Fig. 4.1a,b). All datasets provide multi-unit
threshold crossings (detected voltage deflections caused by nearby neuron action

potentials) recorded from intracortical electrodes and behavioral data (specified per
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task). An evaluation split of the same length is withheld from both held-in and
held-out. All remaining data is released for held-in sessions while a small fraction of
data is released for held-out sessions. Note that the held-in split provides a standard-
data regime iBCI decoding benchmark, but FALCON focuses on few-shot decoding
performance in the held-out split.

Submitted decoders are executables that implement an iBCI prediction interface.
The evaluation server (EvalAl [194]) requires causal, open-loop predictions to be made
on streaming neural data, timestep-by-timestep. The communication datasets make
predictions on coarser timescales (per sentence for H2, per song motif for B1). These
formats mimic current iBCI use for their respective tasks. Lack of trial structure
in movement tasks is an important training time consideration; decoders trained on
trialized data can degrade significantly when evaluated continuously (Section B.1.5).
We note that an important limitation of FALCON is that evaluation may be susceptible
to promoting models that exploit trial structure implicit in the datasets, even if this
does not benefit iBCI control [195].

4.2.2 Supported approaches and benchmark scope

FALCON allows methods with varying data assumptions to be evaluated in a common
setting (Fig. 4.1c). Decreased data use provides greater reduction of user burden,
but can be more challenging.

Zero-shot methods directly predict behavior on new sessions with fixed model
parameters. This typically requires using deep networks that train on many sessions
(e.g. months) of data. Such methods have enabled high performance cursor control
on new days for months into the future [60, 25]. Recent efforts exploring subject
generalization [196, 125, 137| and neural data foundation models [179, 180] may
alleviate the burden of large scale data collection on individual users. However, as
current multi-session zero-shot methods impose large data collection burdens on the
user and may still degrade after long-term use, there is a practical need to explore
adaptive methods as well.

Few-shot supervised methods assume the collection of limited calibration data for
every session of use. For people with paralysis, a high-performance iBCI that requires
a short calibration procedure before use may still confer a large advantage over other

assistive technologies. Current supervised deep networks typically adapt to short
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calibration blocks through fine-tuning of a pretrained model [179, 180, 137|. Few-shot
supervision is the least strict setting that can be evaluated with FALCON that still
reduces user burden, for which the highest performance is expected.

Few-shot unsupervised methods remove the need for behavioral data on new
days, skipping explicit calibration periods by allowing recalibration procedures to
be performed using only neural data from normal iBCI use. Due to their lack of
reliance on behavioral data, unsupervised approaches are not subject to problems
that may arise from behavioral labels, which may be difficult to obtain during iBCI
use when guessing a user’s intent post-hoc can be unreliable. Unsupervised methods
typically assume that the neural activity has an underlying manifold which maintains
a stable relationship to behavior over long periods of time [172, 173, 46, 143, 174, 139].
However, the specific context of iBCI use, such as strategy or posture, may lead to a
change in the manifold-to-behavior mapping and violate this assumption. FALCON’s
datasets are drawn from consistent behavior across days, though due to behavioral
complexity, not all behavioral conditions will be sampled in the few-shot calibration
data.

Test-time adaptation generally leverages behavioral priors to provide model labels
on unlabeled data. Currently proposed test-time adaptation methods avoid the
collection of any calibration data on test days. Instead, these methods use neural
data and inferred behavioral labels collected during normal iBCI use to perform
“semi-supervised” decoder recalibration. However, these methods have only been
demonstrated for two-dimensional cursor use and language communication [176-178|,
suggesting open challenges for broad behavioral domains, such as in FALCON’s

movement datasets.

4.2.3 Metrics

Each dataset uses a standard decoding metric. The movement tasks (M1, M2, H1) require
predictions of multi-dimensional motor covariates, such as muscle activity. For these
tasks, accuracy is reported using the coefficient of determination (R?), computed
as a variance-weighted average across the R? of individual motor covariates. R? is
useful for interpreting low-dimensional predictions as a constant mean prediction
achieves an R? of 0 and max R? is 1. The handwriting task (H2) requires prediction

of English characters from a corpus of common sentences; we use word error rate
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Figure 4.2. FALCON datasets span iBCI use cases. For each column, top: task
schematic; middle: neural activity for all channels over time; bottom: example behavioral
outputs. Each panel includes a vertical timeline denoting held-in (gray) and held-out (teal)
sessions in the dataset. Ticks mark individual sessions, colored vertical bars indicate time
elapsed within or between splits. Tasks: Movement datasets (mechanical arm) include:
monkey reach-to-grasp (M1, 2 monkeys (A/B), 64/96 channels neural data, 16 channels muscle
activity), monkey finger movements (M2, 96 channels neural data, 2-dimensional finger
movements), and human robotic effector (H1, 172 channels neural data, 7-dimensional hand
and arm velocity outputs). Communication tasks (speaking head) include human handwriting
(H2, 192 channels neural data) and songbird vocalization (B1, 85 channels neural data).

(WER) as a metric, computed as the edit distance between the predicted and expected
sequence divided by the length of the intended sequence. Birdsong decoding (B1)
reports performance as mean squared error (MSE) on the predicted spectrogram;
MSE is preferable for evaluating spectrogram predictions as the predictions are much
higher-dimensional than in movement tasks. Metrics are computed per session, and
across-session mean and standard deviation are reported on EvalAl. Mean and standard

deviation are computed separately for held-in and held-out splits.

4.3 Datasets

FALCON aims to provide a comprehensive evaluation of few-shot decoding across
contemporary iBCI applications. FALCON datasets span two primary groups of tasks:
movement and communication (Fig. 4.2). FALCON’s movement datasets have either
kinematic or muscle outputs, and the communication datasets have either text or

vocal outputs. Because most human iBCI study participants have limited independent
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movement, human behavioral data are those that the researcher asked the participant
to attempt or imagine, while animal behavioral data are recorded from physical actions.
All datasets contain electrophysiological voltage recordings collected from intracortical
microelectrodes. We extract threshold crossings from the recorded voltages to yield
spiking activity, as is standard practice for iBCIs [197|. Detailed descriptions of each
dataset and their locations can be found in Section B.1.3.

While the ultimate goal of some iBCI research is applications in humans, we provide
animal datasets because animal models are essential to develop iBCI applications and
for basic scientific discovery [198]. Using both animal and human data also improves
the likelihood of finding models with broad effectiveness, as levels of instability are
likely to vary across subjects and species [46, 143, 15].

M1: Monkey reach and grasp. The M1 dataset consists of recordings using
Floating Microelectrode Arrays (Microprobes), implanted in the precentral gyrus while
two monkeys (M1-A and M1-B) reached to, grasped, and manipulated an object in a
specific location (4 possible objects, 8 possible locations) [199-202]. Intramuscular
electromyography (EMG) was recorded from 16 muscles in the right hand and upper
extremity. The large number of object /location combinations leads to a wide variety
of muscle activations. Unlike higher-level behavioral variables (such as robotic arm
endpoint velocities), EMG is a directly measurable output of the motor nervous system,
and thus provides a signal that should have a close correspondence to neural activity
on a moment-by-moment basis. EMG is also directly relevant to iBCIs that combine
with functional electrical stimulation to control paralyzed limbs [203, 204]. Monkey
EMG is interesting to iBCI research as human iBCI users with paralysis have limited
muscle control and likely lack the ability to produce EMG decoding targets; recent
works have proposed cross-species transfer to exploit monkey EMG data for iBCI
applications [196].

M2: Monkey finger movements. The M2 dataset consists of Utah array recordings
from the precentral gyrus while a monkey made finger movements to control a
virtual hand to acquire cued target positions [205, 24|. Finger actuation ranged
from full extension to full flexion with cued movements focusing on the index finger
and/or the middle-ring-small (MRS) finger group. The goal of including M2 in the
FALCON benchmark is to develop methods that accurately predict individuated finger
movements over time. Finger control is a critical aspect of dexterous hand function

and is a key target for iBCI control that aims to restore upper limb and hand function
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to individuals. Recent work has shown that the encoding of finger behaviors in motor
cortex may be compositional [205, 206]; yet, the implications of this finding on iBCI
control and decoding stability are unclear.

H1: Human robotic effector. The H1 dataset contains Utah array recordings
from the hand and arm motor cortex of a human iBCI participant, collected in a
long-term clinical study on iBClIs for sensorimotor control. The participant was cued
to attempt to reach and grasp with their right hand. This data was used to calibrate
an iBCI for control of a robotic arm in a 7 degree-of-freedom task [16, 36, 22|. These
data are open loop, meaning that the participant attempted cued movements but
was not directly controlling the output and could not correct errors in real-time.
H1 contains a breadth of combinations of robotic arm command variables (3D limb
kinematics, 1D rotation, 3D grasp shape) that are often decoding targets for iBClIs.
High-dimensional control is particularly burdensome to calibrate, as the large number
of possible endpoints demands calibration procedures that are often several minutes
long [36]. Developing methods to improve the efficiency of calibration to novel sessions
would advance the practical viability of using iBCIs for high-dimensional control.

H2: Human handwriting. The H2 dataset contains neural activity recorded using
Utah arrays placed in the "hand knob" area of the dorsal motor cortex of a human iBCI
participant, collected as part of the BrainGate2 Clinical Trial. The participant was
asked to copy a sentence by attempting to write each letter individually [135]. The H2
dataset falls in the domain of brain-to-text BCIs, which aim to restore communication
capabilities. Decoders for this task need to accurately predict the intended character
as well as determine when that character was intended to be written, as the task is
fully self-paced. This task is therefore not amenable to traditional linear decoders and
will require more sophisticated approaches, most canonically RNN decoders with a
Connectionist Temporal Classification loss [135, 17, 59, 178|. Additionally, due to the
goal of predicting words or sentences, communication iBCIs often use large language
models to further refine predictions or build stable decoders [17, 178].

B1: Songbird vocalization. The B1 dataset features neural recordings from a
zebra finch songbird using Neuropixels 1.0 probes [207] implanted in the motor brain
region robust nucleus of the arcopallium (RA). Alongside neural activity, this dataset
includes simultaneous free-behavior audio recordings during awake-singing. Songbird
neuroanatomy and vocal behavior have direct parallels to human speech [208], thereby

offering a valuable model for exploring neurally-driven speech synthesis applications.
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The B1 dataset presents a unique challenge for stable decoding approaches. Neuropixels
probes may exhibit nonstationarities that vary significantly in type and timescale
compared to traditional microelectrode arrays. Given vocal ground-truth, decoders
designed for B1 aim to synthesize high-fidelity continuous amplitude waveforms or
spectrogram representations of vocal output. This strategy may better preserve the
prosodic elements in reconstructed vocalizations, a significant challenge inherent to
current brain-to-text approaches. By developing stable birdsong decoding strategies,

we aim to establish baseline methods that can be adapted to human brain-to-speech
iBCls.

4.4 Results

We seed FALCON with representative approaches to provide an initial characteriza-
tion of the stability challenge. Implementation details on all baselines are provided
in Section B.1.4. For all datasets, we provide standard decoders applied to held-out
sessions in two ways: (1) trained in a many-shot manner using redacted data (“oracle”
decoders) approximately upper-bound performance and (2) applied zero-shot (“static”
decoders) to lower-bound performance. For motor datasets (M1, M2, H1), we fit a Wiener
Filter (WF; ridge regression with history) on inferred neural firing rates derived from
an exponential spike smoothing kernel (see Section B.1.4). A single-session WF is a
simple but effective baseline for offline decoding from high quality spiking activity and
is a representative default method for closed loop control. We also train a single-session
recurrent neural network (RNN) and a multi-session Neural Data Transformer (NDT2
Multi [179]) to establish the performance of higher capacity nonlinear models. For the
human handwriting dataset H2, we provide an RNN trained on multiple sessions to
predict English letters from neural activity, and a second RNN that additionally uses
language models (LMs) as priors to correct RNN outputs and improve accuracy. On BT,
we apply the EnSongdec decoder [209] which predicts song embeddings from spiking
data using a feedforward network and synthesizes them into continuous birdsong using
a pretrained EnCodec model [210].

We also sample state-of-the-art methods for robust decoding to demonstrate
how existing approaches perform on FALCON datasets. For movement datasets,
we provide two deep-network-based unsupervised few-shot alignment approaches,
Nonlinear Manifold Alignment with Dynamics (NoMAD) [46] and Cycle-consistent
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Generative Adversarial Network (CycleGAN) [143]. Similar to neural latent variable
models [193], NoMAD and CycleGAN use an RNN and an MLP, respectively, to
infer neural firing rates through a Poisson firing rate model. These methods then
apply distributional alignment to match inferred neural firing distributions on held-out
sessions to those of held-in sessions. Different single-session models are trained to
provide the different held-in scores. Additionally, we train NDT2 Multi models that
only use calibration data. The H2 stability baseline is a test-time adaptive method that
uses the LM-corrected outputs as pseudo-labels to iteratively recalibrate the RNN
(Continual Online Recalibration with Pseudo-labels; CORP [178]). As vocalization
decoding has seen limited development of specific decoder stabilization approaches, we

pose B1 as an open question and solicit potential solutions from FALCON submissions.

4.4.1 FALCON datasets exhibit unstable decoding performance

across sessions.

We first show that FALCON datasets exhibit qualitative nonstationarities, reflecting
the challenges faced in iBCI use. Figure 4.3a shows neural spiking activity from all
sessions in the M1 dataset. It is clear that neural firing exhibits different properties
across sessions. We also visualize this data in 3 dimensions using principal components
analysis (PCA) (Fig. 4.3b). Under a common projection, we plot average time
courses for different reach directions. Directions are clearly separable in both sessions
(supporting decoding), but the required decoding map changes between sessions.
Next, we quantify that each session’s neural activity can provide good decoding
of behavior. We train oracle decoders for each session, which use all non-evaluation
data. Specifically, held-in oracle decoders use the data from the calibration split, and
held-out oracle decoders use both the calibration split and the redacted data. All
oracle decoders are evaluated on respective session evaluation splits. For movement
datasets, oracle decoders consist of Wiener Filters with cross-validated history (WEs)
or single-session RNN models (Fig. 4.3c-e, blue/red). For H2, the oracle decoder
is an RNN trained to predict letters from neural data, trained jointly on all held-
in calibration splits and incrementally with each session’s held-out calibration and
redacted splits (Fig. 4.3f, blue). For B1, we apply an EnSongdec model [209], which
uses neural data to predict song embeddings before reconstructing song spectrograms

(4.3g, blue). For all datasets, variability in oracle decoding performance is nontrivial
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Figure 4.3. Static decoders exhibit decoding instabilities on FALCON datasets.
(a) Raster plot showing 1 minute of data for each M1-A session, separated by red vertical lines.
(b) Neural trajectories from PCA fit on M1-A Day 0 smoothed spiking activity and applied to
Day 0 and Day 23 smoothed spiking activity. Colored by reach direction. Thick lines show
the average of all reaches in a given direction and thin lines indicate single reaches. (c-e) R?
of oracle decoders (RNN red, WF blue) and static decoders (RNN gray, WF black) for held-in
and held-out splits for M1-A, M2, and H1. Higher values indicate more accurate performance.
Downward triangles indicate points with negative R? otherwise not visible on these axes.
Selected static decoders are annotated with a gray or black circle. (f) Word error rate (WER)
of oracle (blue) and static (black) decoders for H2. Lower values indicate more accurate
performance. Rather than training one model per held-in session, the held-in decoder is
trained using all held-in sessions (performance denoted by horizontal line). Held-out dataset
performance reported as mean + standard deviation across 5 random seeds. (g) Mean
squared error (MSE) of oracle (blue) and static (black) EnSongdec models for B1 held-in and
held-out splits. Lower values indicate more accurate performance. Static decoder chosen
from held-in datasets indicated with black circle.

but small, implying that performance drops from transferring decoders to new sessions
are not due to degraded neural data or a lack of correspondence between neural and
behavioral data.

Finally, we quantify decoding instabilities in each dataset with zero-shot static
decoders. The specific static decoder was chosen from the held-in session oracle
decoders as the highest performing on the evaluation split of the other held-in sessions,
to approximate good generalization to held-out sessions. We apply the decoder
unmodified to the held-out datasets, simulating an iBCI decoder’s naive (zero-shot)
performance on a new session without recalibration. All datasets showed marked

decoding instability (Fig. 4.3c-g, black/gray), with drops in WF performance up to
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Figure 4.4. Baseline model predictions on Mi-A dataset. (a) Performance (R?) of
each baseline model on individual held-in and held-out M1 datasets. Box indicates the dataset
that will be elaborated on in later panels. (b) Example decoded EMG traces for each
baseline approach. Three of the sixteen total muscles shown: biceps (BCPs), flexor carpi
radialis (FCR), and extensor digitorum (EDC). Each column is an example trial for one
object (sphere or button) and location (angle) pair. Gray traces are the measured EMG
for that muscle and experimental condition, and colored traces are the EMG predicted by
each decoder-stabilization method on Day 30. (c) R? values computed for three individual
muscles. Together with the remaining muscles, these values comprise the variance-weighted
R? presented in panel (a).

0.28 R? (M1), 0.27 R? (M2), and 0.14 R? (H1). RNN decoders exhibit more instability
on FALCON movement datasets, with drops up to 1.94 R? (M1), 0.82 R? (M2) and
0.78 R? (H1). Communication datasets demonstrate similar trends — error increases as
much as 0.40 WER (H2) and 9.03e-4 MSE (B1).

4.4.2 FALCON baselines demonstrate the difficulty of improv-
ing M1 decoder stability.

We next compare current few-shot approaches applied to M1-A in detail. On the held-in
datasets, NDT2 yields the highest performance, followed by NoMAD + WEF, and
CycleGAN + WF (Fig. 4.4a). From held-in to held-out sessions, NDT2 dropped by
at most 0.30 R?, NoMAD by at most 0.21 R?, and CycleGAN by at most 0.24 R%.
Compared to the static WF (drop < 0.28 R?), the baseline approaches show at most
a marginal improvement, indicating that stability challenges still affect all approaches
applied to M1. Model ranking and relative performance are largely preserved across
sessions, implying that averaging R? across sessions summarizes performance without

obscuring gains on specific sessions.
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For Day 30, we also present decoded predictions for three key muscles - the
biceps (BCPs), flexor carpi radialis (FCR), and extensor digitorum (EDC) - for each
baseline approach. In Fig. 4.4b, each column is an individual reach for one of the
location-object pairs available in the evaluation split on Day 30. Comparing the
predicted EMG traces to the measured EMG traces provides context for interpreting
the R? numbers and understanding which features of the EMG (the baseline, the
high frequency features, the magnitude) are predicted well by each method. For
example, NDT2 captures more high frequency changes in the muscle activity than
other methods, potentially due to its nonlinear decoding. In Fig. 4.4c, we show R?
values for example muscles individually. Per-muscle performance preserves the method
ranking shown in Fig. 4.4a, providing further confidence that the variance-weighted

R? over output dimensions is sound.

4.4.3 FALCON baseline performance drops from held-in to
held-out datasets.

Baseline results on all datasets are shown in Table 4.1. FALCON quantifies notable
performance gaps across methods. For example, within oracle decoders, which are by
definition trained using the same data, increased model complexity can substantially
improve decoding (M2: 0.27 vs 0.77 R?> WF/NDT2 Multi; H2: 0.11 vs 0.02 WER
RNN Multi/+ LM). Moreover, it is unsurprising that using more data will provide
large performance gains (ZS to FSU to FSS in movement datasets, ZS to TTA in H2).
FALCON encourages the submission of novel approaches in each class of data use.
Given FALCON'’s flexibility to accommodate many classes of approaches, a
method’s held-in score may be used to contextualize its own held-out score. Or-
acle decoders establish the approximate variability in performance between held-in
and held-out splits, which appears relatively small (e.g., max difference = 0.04 R?
for NDT2 Multi on H1, 0.04 WER for RNN Multi on H2). Yet, all methods show
sizable gaps between held-in and held-out scores, far exceeding the expected variability.
In absolute terms, all decoders perform well on held-in M1 (R? = 0.46-0.78), but
performance drops by 0.12-0.18 R? on the held-out split (and the RNN has an extreme
failure). M2 and H1, which show lower overall decoding performance, maintain that
held-out scores are only a fraction of the potential performance indicated by held-in

scores. This is also true for H2, where CORP provides a great advance over zero-shot
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Table 4.1. FALCON baselines. Metric means and standard deviations over sessions,
computed for held-in data and held-out data separately. Standard deviations only shown for
the held-out split, for clarity. Metrics: R? for movement tasks, word error rate (WER) for
H2, mean squared error (MSE) for B1. OR: oracle models trained with unreleased data on
held-out split. ZS: Zero-shot/static. FSU: Few-shot unsupervised. FSS: Few-shot supervised.
TTA: Test-time adaptive. Multi: denotes training with multiple held-in datasets; otherwise
models use a single held-in dataset.

Movement (Held-Out R? / Held-In R? 1)

Class

M1-A

M2

H1

Wiener Filter (WF) OR

0.5310.04/0.54

0.26.10,03/0.27

0.2140,04/0.24

RNN OR  0.751005/0.75  0.564004/0.59  0.4410.3/0.51

NDT2 Multi OR  0.7840.04/0.77  0.5840,04/0.62  0.6310,05/0.68

WF 7S 0.344006/0.46  0.061004/0.15  0.16.003/0.20

RNN 7S —.604045/0.52 —0.071023/0.20 0.094015/0.31
CYCIGGAN + WF [143] FSU 0431004/061 022:|:006/032 012i006/015
NoMAD + WF [46] FSU  0.494003/0.64  0.204010/0.35  0.1310.10/0.21
NDT2 Multi [179] FSS  0.594007/0.77  0.434008/0.63  0.5210,04/0.62

Communication (Held-Out Error / Held-In Error |)

Class  H2 (WER) Class B1 (MSE x107%)

RNN Multi OR  0.154001/0.11 EnSongdec [209] OR 7.4710.99/5.61
RNN Multi + LM OR 003:t000/002

RNN Multi 7S 053:|:002/01]_ EHSOHngC 7S 218i391/518
RNN Multi + LM ZS  0.3740,01/0.02
CORP [178] TTA  0.11400/0.02

methods but yields error on the held-out datasets that is nearly 4x higher than that
of oracle decoders on average (0.03 vs 0.11 WER). These results indicate that room

for improvement remains in the few-shot challenge on FALCON datasets.

4.5 Discussion

FALCON extends previous efforts to benchmark models of neural data by presenting
a standardized evaluation procedure for algorithms that improve decoder robustness

in iBCI applications. We release datasets from 3 movement and 2 communication
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tasks, spanning monkeys, songbirds, and human participants. FALCON is designed to
be inclusive of many classes of approaches; we demonstrate standardized comparison
of 5 different approaches for movement datasets, 3 different approaches for H2, and
1 approach for B1, each with varying complexity and data-use strategies. These
initial models far under-sample the wide design space of methods; we believe further
submissions to FALCON will help clarify the value of different training data and priors.
We hope that FALCON will encourage new approaches to be developed and adopted
for real-world iBCI devices.

We expect that FALCON will enable machine learning researchers to apply cutting-
edge approaches to a neuroengineering problem. To this end, we impose minimal
restrictions on training strategies: we allow zero-shot, few-shot, or test-time adaptation
and provide generous compute for model inference. While the provided baselines train
with only the calibration data, FALCON is compatible with foundation models and

can be used to assess their efficacy for improving iBCI robustness.

Extensions and limitations FALCON’s datasets, except for B1, contain con-
strained behavior with trial structure, derived from repeated cues to start and stop
stereotyped behavior. Model memorization of trial structure can impede closed loop
control and has been a major hurdle for adopting deep networks across iBCI set-
tings [195, 86, 211|. Corroborating this narrative, NDT2 models trained on trialized
data degraded in FALCON'’s continuous evaluation (Section B.1.5). To penalize
sensitivity to trial structure, FALCON does not provide trial labels in movement
decoding tasks. However, FALCON datasets are still inherently structured. Providing
datasets with more naturalistic behavior is technically challenging, particularly in
humans without intact motor abilities for whom intended behavior must be communi-
cated post-hoc. Nonetheless, future extensions may endeavor to evaluate more free
and diverse behaviors, bringing evaluation closer to real-world iBCI use. To more
easily aggregate a large number of behaviors, advances in cross-subject or cross-task
generalization [196, 179, 125, 123] motivate analogous few-shot benchmarks where
users are given restricted data for a new subject or behavior.

An important consideration in interpreting FALCON is that it evaluates open loop
prediction, not closed loop iBCI control. Closed loop control introduces shifts in neural
data due to sensory feedback [212] and consequent user compensation. Users can

correct for certain classes of decoder error, implying that worse decoder predictions
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may not yield poor control [213, 214]. The popular robotics paradigm of evaluating
control in simulation [215] is challenging for iBCI given the complexity of simulating
these considerations. Understanding how to design evaluation that avoids this open-to-
closed loop performance gap remains an open problem for the field, and it is important
to note that consistent decoding in FALCON may not necessarily yield consistent
real-world control. Nonetheless, FALCON solidifies a current community focus on
reducing data requirements. Thus, approaches reaching performance saturation in the
FALCON benchmark would significantly advance the field.

FALCON datasets all provide multiple sessions of data for individual subjects.
While multi-session data is a substantial advance over single dataset benchmarks (e.g.
[193]), methods can have variable performance when applied to different subjects [46,
143]. The relatively unique nature of the tasks in FALCON and the cost of intracortical
experiments are currently prohibitive to providing data from the high number of
subjects needed to support claims of subject generalization. Evaluation of subject
generalization will be an important priority for real-world application when these
datasets become more common, and FALCON can be easily adapted to support these
datasets.

Finally, FALCON baselines exclusively use spiking activity for decoding. While
spiking activity is the default input for many iBClIs, the experimental procedure
for determining spiking thresholds often involves researcher discretion. Generally,
thresholds are set as a multiple of the RMS of voltages recorded during a baseline
period, but the precise multiple and protocol for baseline collection varies from
dataset to dataset. To encourage research into stability methods that might avoid
human variability or thresholding overall, we have additionally released the raw 30kHz

broadband activity for M2 and B1.

Ethical considerations Animal datasets were collected with approval by Insti-
tutional Animal Care and Use Committees. Human datasets were collected with
Institutional Review Board approval, as part of clinical trials conducted under FDA
Investigational Device Exemptions. Informed consent was obtained prior to any
experimental procedures. Approvals and experimental procedures can be found in the
primary references for each dataset.

FALCON focuses on algorithms that solve a problem specific to iBCIs. Such

devices are intended to restore function to individuals with disabilities or impairments
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resulting from brain injury or disease. However, their widespread adoption raises
ethical considerations with respect to the impact of these devices on human identity,
privacy, and equity, which are the subject of ongoing study [15, 216].

FALCON also makes use of previously collected animal datasets. Animal models
are critical to neuroscientific research that aids in improving our understanding of
the brain and develops medical devices for the treatment or assistance of neurological
disorders. We hope that by releasing standardized animal datasets, the FALCON
benchmarking effort will contribute to the minimization of redundant data collection

by allowing researchers to make better use of existing data.



Chapter 5

A Generalist Intracortical Motor

Decoder

This chapter is reproduced from “A Generalist Intracortical Motor Decoder,” by Joel
Ye, Fabio Rizzoglio, Adam Smoulder, and colleagues.

5.1 Introduction

Intracortical neural data collection is growing rapidly. This growth comprises not only
larger individual datasets with more neurons and higher behavioral complexity [217,
218], but also an increase in the collective number of datasets. This wealth of data
presents an opportunity to develop insights and applications that span datasets,
provided we can reconcile their inherent diversity. Large deep networks appear very
suitable for this task, so much so that the generic creation of deep networks operating
on broad domain data has been termed foundation modeling [90]. Efforts to create
foundation models are now proliferating beyond their origins in natural language
processing (NLP) and computer vision (CV) into many domains of engineering and
science [219|. Here, we evaluate the efficacy of foundation modeling for motor decoding
from intracortical spiking activity.

Motor decoding is a valuable domain for characterizing neural data foundation
models. Academic and industrial efforts to create iBCIs for neuroprosthetics provide
a path for scaling data collection from hundreds to thousands of subject-hours, and

also fuel a need for pretrained models that generalize quickly and perform robustly
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for new users and settings. Behavior prediction metrics for BCI performance are
also more intuitive for benchmarking progress than neural data prediction or the
abstract goal of providing scientific insight (e.g. with latent variable models or in silico
models) [127, 220]. Finally, recent work has shown that deep networks are able to
transfer learn across motor cortical datasets collected at different timepoints, subjects,
or tasks [180, 10, 137]. These ingredients provide the motivation and means for scaling
neural data modeling.

However, scaling may be constrained by the unique variability present in each
neural dataset. This unique variability induces irreducible error, not from the neural
data signal to noise, but from what the same neural data means across contexts. To
be precise, we distinguish two sources of unique variability introduced by comparing
across subjects. The first difference stems from the physical difference in electrodes
and recorded neurons, which we term sensor variability. For example, suppose we
have toy 2-neuron subjects, where one neuron fires on leftward motion and the other
fires on rightward motion. No amount of pretraining will reduce the data needed from
new subjects to infer each neuron’s preferred direction. The second difference is the
residual variability in subject behavior and neural dynamics. This is also significant as
shared structure between neural datasets, as probed by linear methods, fade quickly
beyond the data’s top principal components [123, 125|. Since pretraining cannot
address the unique variability of each neural dataset, pretraining gains overall may be
limited. Neural scaling efforts must therefore be alert to whether performance limits
are due to fundamental data barriers or methodological shortcomings.

We combined simple tokenization and a standard autoregressive Transformer to
enable pretraining over diverse data and fine-tuning to new tasks without any task-
specific parameters (Fig. 5.1A). We pretrained this model, which we call Neural Data
Transformer 3 (NDT3), using up to 2000 hours of neural and behavioral data from
motor neuroscience experiments with monkeys and clinical intracortical BCI (iBCI)
trials with humans. We then evaluated NDT3’s decoding performance on eight motor
datasets (Section 5.3.1), finding that tuning NDT3 yields models that either improve
over task-specific models trained from scratch when task data is under 1.5 hours,
and match them beyond this limit (Fig. 5.1B). Further, these gains persist under
real-world distribution shifts (Section 5.3.3). These benefits may enable more complex
experimental design and decrease the burden of decoder training for people using

iBCIs. However, beyond the 1.5 hour limit, we observe that increasing data scale
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Figure 5.1. A. NDT3 decodes intracortical spiking activity into low-dimensional time series
for various motor effectors'. B. We aggregate decoding performance on tasks with variable
amounts of data (from Fig. C.6). Pretrained NDT3 models reliably outperform from-scratch
models and linear baselines, up to 1.5 hrs of data.

without increasing model capacity degrades performance, which provides two indicators
that data heterogeneity will challenge the productivity of scaling on neural data. To
guide future efforts to improve scaling, we analyze two measures of generalization
where NDT3 currently fails, in robustness to input sensor variability and output

stereotypy (Section 5.3.2).

5.2 Approach

5.2.1 Data

NDT3 models datasets of paired neural spiking activity and behavior (Fig. 5.2). Given
our focus on motor decoding, most of the data comes from devices implanted in motor
cortex of various monkeys and humans (Fig. 5.2A). These devices are intracortical
multielectrode arrays or probes that record 30 kHz extracellular potentials. After
bandpass-filtering, spikes are extracted from these potentials when they exceed preset
thresholds determined by the researcher. The resulting neural data in our pretraining
are diverse (Fig. 5.2B top). Data can have markedly different profiles across electrodes
due to physical separation (being on different electrode arrays in the same subject

(left)), and the interaction of recording noise and threshold preprocessing can yield

'Photo courtesy of Nicho Hatsopoulos and The Chicago Tribune.
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Figure 5.2. NDT3 Data and Model Design: A. NDT3 models paired neural spiking
activity and behavioral covariate timeseries. We plot the distribution of 2000 hours of
pretraining data by subjects (top) and covariate dimensionality (bottom). B. Examples
of the neural and behavioral data for each of the three types of behavioral covariates in
pretraining: kinematics, EMG (electromyography), or forces. Not all modeled dimensions
in data are meaningfully task-related (right, grey behavior). C. Neural spiking activity is
tokenized in time by binning the number of spikes every 20 ms, and in “space” using patches
of channels (usually 32), as in NDT2 [10]. Behavior is low-dimensional in our data, so we
use 1 token per behavior dimension, also per 20 ms timestep. NDT3 also pretrains on data
from BCI control, which we annotate with two additional tokens. The phase token indicates
whether the user is controlling or observing the behavior and the reward token indicates if
the BCI task was completed. D. NDT3 models tokens in a single flat stream with linear
readins and readouts. Every real-world timestep (shown by the blue cutout) yields several
tokens, which we order to allow causal decoding at inference-time. At inference, we omit
return and phase tokens and zero-mask behavior tokens.

either many inactive channels (middle) or high and noisy firing (right).

The typical behaviors in the pretraining data are reaching and grasping, nearly
all from experimental paradigms that consist of short, repeated trials. While neural
data were always recorded from microelectrodes, motor covariate signals came from
various sensors. In monkey datasets, these sensors measure actual limb activity (e.g.,
Fig. 5.2B, left: limb kinematics from optical tracking, middle: electromyography
(EMG@G)). In human datasets, physical movements are typically not possible, so the
behavioral signals are programmatically generated. These signals are “paired” with
the neural data in that they are cued or otherwise instructed to the person, who will
attempt or imagine the corresponding behavior, such as grasping at a specified force

level (Fig. 5.2B right). This force panel also shows that in pretraining, we cannot
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always automatically discern the primary task covariates (e.g., blue line, force, in the
panel) from other recorded behavioral variables (grey). Thus, some behavior variables
may be unpredictable. Finally, we include closed loop iBCI data, where some behavior
is generated by an iBCI decoder (not NDT3, see modeling strategy in Section 5.2.2).
The data used for pretraining NDT3 is detailed in Section C.1.3.

We minimize preprocessing of these data to maximize the applicability of our
generalist model. Kinematic signals are typically converted to velocities, and all
behavior (kinematics, EMG, force) is normalized per dataset such that the maximum
absolute value of each variable is one. Data are cut or concatenated into fixed length
sequences, without additional annotation of data discontinuity. This strategy, common
in language modeling [221], homogenizes the data for improved GPU utilization while
maintaining throughput of real data. We used a length of two seconds as it is roughly
the timescale of the behavior in our data (Fig. 5.2A). Sequences with no spikes or
covariate variability are discarded. In total, this yielded about 3 million sequences, 1
billion neural tokens, or 1750 hours of recorded data. We round this to 2 khrs in text

for simplicity.

5.2.2 Model

NDT3 is an autoregressive Transformer with linear readin and readout layers per modal-
ity, similar to GATO or TDMs [222-224]. This requires data tokenization (Fig. 5.2C).
We tokenize neural data by patching spike counts [10]; each token is a vector of the
binned spikes at a fixed temporal resolution (20 ms) and spatial dimension (32 chan-
nels). For example, spikes sampled from an electrode array with 100 channels would
patch into 4 = [100/32] 32D neural tokens per 20 ms timestep. As the behavioral
variables are already low-dimensional, we simply assign 1 token per dimension at the
same temporal resolution as neural data. Finally, we add tokens marking whether
the behavior are generated by a BCI system or by physical limb movement. While
measured kinematics, EMG, or force will reflect a natural relationship with neural
activity, behavioral data from BCI tasks are controlled by a program or learned
decoder. We frame BCI-driven behavior as suboptimal control [84] and adopt a
scheme from Decision Transformers [225, 226]. In this scheme, we use a Phase token
to denote timesteps where behavior is driven by neural activity (i.e. native body

movement or BCI control) versus programmatic, open loop control. We also use a
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Return token reflecting controller quality based on future task completion. Note that
these signals are only considered for pretraining, and are ablated entirely from the
model at evaluation. Similarly, input behavior tokens are masked out in inference,
so that the model input only indicates how many behavioral dimensions must be
predicted. NDTS3 is trained with mean-squared error for prediction of behavioral
variables, and categorical cross-entropy losses for prediction of neural spike count and
return.

All modalities are flattened into a single token stream, with the multiple tokens
in each real-world timestep sorted to respect a canonical, causal order required for
control (Fig. 5.2D). We use rotary embeddings [227] to track real-world timesteps, and
learned, modality-specific position embeddings to distinguish tokens within a timestep.
Note that NDT3’s autoregressive objective will condition some tokens on other tokens
from the same real-world timestep.

Pretraining and Fine-Tuning We pretrain NDT3 models over many scales of
pretraining data (1.5 hrs to 2 khrs) and in sizes of 45M and 350M parameters to
assess the impact of data and model scaling. Pretraining is stopped early according
to validation loss or terminated at a maximum of 400 epochs. The 200 hour, 45M
model trains for 480 A100-hours while the 2000 hour (2 khr) 350M model takes
20K A100-hours. Fine-tuning maintains the pretraining objectives and updates all

parameters.

5.2.3 Evaluation Strategy

Evaluation datasets and tuning Our main evaluation (Section 5.3.1) uses four
human and four monkey datasets sampling varied upper limb movements, which we
detail in Section C.1.3. All downstream monkeys are held-out of pretraining, and all
humans are held-out of < 2 khr models. That is, we evaluate scaling of cross-subject
generalization, as it is the most general use case for BCIl-oriented foundation models.
Note the human data leakage was allowed as significant data came from humans
included in pre-determined evaluation datasets, and this leakage did not advantage
the 2 khr model (Section C.1.2). Each dataset contains multiple sessions of data,
typically from a single monkey or human. We will refer to each such setting as a “task,”
distinguished from the behavioral procedure performed in each dataset. FEach session

has unique variability, so one fine-tuning strategy, used in prior work [180, 10, 228|, is
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to focus evaluations by tuning separate models for each evaluation session. We instead
fine-tune NDT3 jointly over data combined from multiple evaluation sessions, which
helps manage compute and storage demands, and better reflects that real-world deep
network based BCIs typically jointly tune over multiple sessions. Fig. C.7 confirms
this joint tuning is comparable to per-session tuning for multi-session data.
Baselines We compare with Wiener filters (WF) and NDT2 [10]. WFs are a conven-
tional linear method for motor iBCI [15]. We implement them as ridge regression with
multi-timestep history. NDT2 is a Transformer that uses MAE self-supervision [129] to
learn across neural datasets. NDT2 currently leads on FALCON [11], a BCI decoding
benchmark that notably includes RNN baselines; we thus omit RNNs in our evaluation.
We compare to NDT2 both prepared from scratch on each evaluation dataset (as in
FALCON), or tuned from the public pretrained weights from pretraining on 100 hours
of human data. We are also aware of two other proposals for scaled Transformers on
spiking activity, POYO [180] and NDT-MTM |[228|. We omit full comparisons with
these models, as our reproduction of POYO underperforms NDT3 on FALCON when
both models are trained from scratch, and NDT-MTM is qualitatively similar to NDT
(see Section C.1.3).

Downstream Hyperparameters We tune all deep networks (NDT2 and NDT3) over
3 learning rates. This hyperparameter sweep is limited for computational tractability.
Importantly, the same sweep is used for all tasks; we list it and show its sufficiency
relative to wider sweeps in Section C.1.3. The best learning rate is chosen based on
the average validation score over three random seeds, and we report the average score

on a separate test split.

5.3 Results

NDT3’s pretraining advances intracortical models by an order of magnitude in data
and model scale, from 200 to 2000 hours and 10M to 100M+ parameters. In Section
5.3.1, we show that this joint scaling is productive, but only when downstream datasets
are < 1.5 hours. To analyze this limit, Section 5.3.2 shows that despite outperforming
baselines, NDT3’s transfer remains pathologically sensitive to shifts in data input
dimensions. Section 5.3.2 also shows that scaling does not improve generalization to
new behaviors. Section 5.3.3 concludes by showing that NDT3’s pretraining gains,

despite their limits, do generalize to novel settings to provide a practical foundation
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for motor decoding.

5.3.1 Multi-scale evaluation across motor decoding tasks

To set expectations for how data scale and model size will impact performance, we first
measure behavior prediction R? computed during pretraining. We report on a test
split comprising multiple sessions of 2D reaching mainly from one monkey. Models can
learn this as 1.5 hours of data sampled from this task are included in all pretraining
datasets. The first three bars in Fig. 5.3A compare a model pretrained on solely these
1.5 hours, or one of two 200 hour datasets: The “Subject” model uses data from 10
other monkeys, while the “Session” model uses 200 hours from the test monkey (from
a separate set of experiments with similar behavior). Only the session model provides
an improvement, suggesting cross-subject data is too distant to benefit a model that
already uses 1.5 hours of task-specific data. The right three bars compare how further
scaling to 2 khrs can actually degrade performance, suggesting dissimilar pretraining
data can interfere with learning of the test task. This interference is mitigated by
increasing model size to 350M parameters, consistent with recommendations to scale
model size and dataset size in tandem [146, 154, 229]. However, rescued performance
still remains near the 200 hour reference.

In light of previous work showing cross-subject transfer at low downstream data
scales [180, 10], our upstream saturation suggests downstream data scale might
influence pretraining gain. We thus evaluate downstream at multiple data scales,
illustrated in Fig. 5.3B. These two datasets are from a human performing open loop
iBCI calibration for bimanual cursor use [136], and a monkey performing self-paced
reach to random targets [151|. Both individuals are held-out from pretraining entirely,
so the task-specific data are only seen in tuning. In the bimanual task, NDT3
performance improves with increased pretraining data at all downstream data scales.
The self-paced reach dataset has more ambiguous results. For example, from-scratch
NDT3 is competitive at all but the smallest data scale. These examples raise the
concern that pretraining efficacy will depend on not only data scale but also its quality,
like the subject or behavior studied. However, such variable efficacy across downstream
settings is not uncommon in pretraining [230, 91|, and does not preclude an initial
aggregate evaluation.

Tuning over 2000 models in 31 evaluation settings, we find that pretraining scale
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provides overall benefits (Fig. 5.3C). To begin, from-scratch NDT3 outperforms the
WF and NDT2 (pretrained or not). We discuss NDT?2’s relatively poor performance
in Section C.1.2. From-scratch NDT3 performance can be improved with minimal
pretraining (1.5 hrs), consistent with findings in computer vision [96]. Performance
continues improving up to 2000 hours of pretraining data, but only when paired with
increased model size to 350M parameters, as in pretraining. The gain of the 350M 2
khr model over other models is significant under nonparametric Wilcoxon signed rank
tests, for all comparisons except the 350M 200 hr model (Fig. 5.3D).

We now return to analyzing the impact of downstream dataset scale and quality on
pretraining efficacy. Fig. 5.3E organizes downstream results by data scale, revealing
that said scale is the primary factor in determining pretraining efficacy. Specifically,
after normalizing by 200-hr model performance to account for dataset variability in
absolute performance, the distinction between pretrained models and from-scratch
models vanishes by 1.5 hours. This convergence also explains the earlier observation of
upstream saturation, as it also used 1.5 hours of calibration. The remaining variability
across models at any fixed downstream dataset scale should be attributed to dataset
quality. The effect is significant but secondary to data scale, so we detail individual
dataset results in Section C.1.2. Moreover, a precise analysis on the impact of dataset
quality is beyond the scope of this work, as our evaluation datasets have unique
subjects and behaviors, while a controlled analysis would require multi-subject, multi-
task datasets. Thus, we conclude provisionally that further scaling of NDT-style

neural decoders will mainly be productive at downstream data scales <1.5 hours.

5.3.2 NDT3 does not generalize to novel input order and output

conditions

Section 5.3.1 showed that pretraining gains saturate at data scales that, while larger
than previously measured for neural data models, are practically low for BCI appli-
cations, as 1.5 hours can be reached after a few sessions of data collection. Unique
variability across neural datasets does imply an eventual ceiling on pretraining gains,
but this low threshold raises the concern that our modeling decisions, like tokenization,
pretraining hyperparameters, or a lack of post-training, may be at fault. We next
begin to dissociate these two possibilities, by highlighting NDT3’s sensitivity to the

specific neural inputs and behavioral outputs seen in tuning.
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Input order sensitivity limits cross-subject transfer. Transfer learning is
greatly reduced when using cross-subject neural data relative to cross-session neural
data, even when the data are collected in identical experiments and thus controlled
for other variables [10]. Limited cross-subject transfer may thus be a more precise
cause of limited scaling in pretraining. This hypothesis predicts that pretraining may
already account for all feasible cross-subject transfer. We show this by measuring
transfer after large-scale pretraining, as schematized in Fig. 5.4A. Specifically, we tune
NDT3 using calibration data from a single session of monkey self-paced reach [151],
optionally preceded by intermediate tuning on additional cross-session or cross-subject
data. Fig. 5.4B shows that cross-session intermediate tuning remains beneficial even
after pretraining. In contrast, pretrained models do not benefit from cross-subject
tuning. Further, cross-subject data does not benefit from-scratch models beyond the
pretrained baseline (Test Calib Only). This shows pretraining occludes further
cross-subject transfer, but not cross-session transfer, and supports the view
that scaling is limited by cross-subject variability.

Recall that cross-subject differences can in turn be decomposed into sensor vari-
ability and changes in the neural dynamics underlying subject behavior. We can
isolate how ND'T'3 resolves sensor variability while controlling for changes in aggregate
neural statistics by performing intermediate tuning on cross-session data with altered
input structure. We consider three alterations of decreasing strength: a complete
channel shuffle, a half-token shift that preserves channel adjacencies but disrupts the
channels in each (multi-channel) token, and a token shuffling (Fig. 5.4B Right). In all
settings, intermediate tuning improves the from-scratch model, consistent with NDT’s
ability to transfer nontrivially across varied datasets. However, as in the cross-subject
setting, no gains outperform the pretrained baseline (Test Calib Only). Moreover,
the pretrained model only achieves positive transfer from intermediate tuning on
token shuffle cross-session data. These results show NDT3’s cross-session transfer,
and equivalently its downstream scaling, depends on the consistency of neural data
dimensions, at least at the granularity of tokens. These conclusions are also supported
in extended analysis (Section C.1.2), where we vary intermediate data scales and
tuning strategy.

Pretraining does not enable angular extrapolation. Increased data efficiency
after pretraining suggests that ND'T3 could decode a new subject’s behavior without

sampling its full dynamic range. For example, center-out tasks require the subject
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to make stereotyped ballistic reaches and allow us to hold out reach angles to test
decoding generalization. Center-out specifically provides a useful litmus test as the
neural activity underlying center-out reach can be projected to a planar subspace [231],
guaranteeing that some generalization is possible by construction. It is further known
that non-pretrained deep networks fail at such held-out angle generalization [157].
Thus achieving this generalization would be a qualitative milestone for pretraining.
We analyze one session of an isometric monkey center-out dataset from [157],
where the monkey exerts forces in one of eight angles and its force level is mapped
to cursor position (Fig. 5.4C). We separate this data into 3 held-in and 5 held-out
angles, and plot predictions from a Wiener Filter, a from-scratch NDT3, and a
pretrained NDT3 (Fig. 5.4D). The WF, when fit to latents constructed through
dimensionality reduction (PCA and LDA, see Section C.1.2 for methods), yields
predictions that generalize to the held-out angle of leftward reach. Further as expected,
from scratch predictions fail to generalize, and qualitatively are constrained to their
nearest held-in angle. Pretrained NDT3, however, still fails to generalize, and appears
to replicate from-scratch behavior of making predictions constrained to held-in angles.
We quantify accuracy in Fig. 5.4E, showing that while pretrained NDT3 improves
over from-scratch NDT3 overall, both models far underperform the PCA-LDA-fit WF
on held-out generalization. This attractor strategy is undesirable for continuous BCI
control [136], but is viable when the data are stereotyped, as is common in neural
datasets. We replicate this result in two more settings in Section C.1.2. Importantly,
this analysis does not confirm whether pretraining has failed to learn that simple
dimensionality reduction can recover planar structure underlying ballistic reaches;
plausibly, angular generalization could be achieved with a lightweight post-training
protocol that discourages attractors in favor of continuous decoding.
Minimal benchmarks for neural data scaling Both sensor variability and output
stereotypy pose fundamental challenges in neural pretraining, rather than trivial
shortcomings specific to NDT3. For example, while our analysis raises concerns with
NDT’s patch-wise tokenization, the alternative of neuron-level tokenization [180] still
requires input-channel identification and performs poorly in our hands (Fig. C.14).
Moreover, despite enthusiasm for neural foundation models, cross-subject transfer
issues persist across neural modalities [97, 232|. Given NDT3’s current state-of-the-art
performance, these distillations of its current limits serve as concise benchmarks for

generalization that future neural foundation models will likely need to overcome.
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5.3.3 NDTS3 does generalize to varied real world distribution
shifts.

Having understood NDT’s limitations under systematic synthetic shifts, we next pro-
vide examples where its pretraining usefully generalizes under real-world distribution
shifts.

Neural distribution shifts Neural data are nonstationary, with shifts rising from
a mix of controlled experimental variables to more speculative factors. For example,
the firing rate of different channels will evolve over the course of an hour, implying
a distribution shift associated with change in time (Fig. 5.5A top left). Shifts also
occur between activity in two arm postures or whether finger motion occurs under
spring load or not (Fig. 5.5A top middle and right). Since these shifts are common in
neural data, pretraining gains should ideally be robust to their effect. We thus tune
models on data from one setting (in-distribution, ID) and measure the performance
of models in that same setting and the shifted setting (out-of-distribution, OOD).
Positive correlation of performance in all cases implies the ID gains conferred by
pretraining persist OOD. More practically, these examples suggest that pretraining
benefits are not dependent on narrow features specific to the choice of tuning dataset.
Trial structure DNNs have been observed to overfit the temporal structure of
experimental data, challenging their use in iBCI control [136, 89|. For example, a
DNN might learn there is always no motion before the start of a behavioral trial,
independent of the neural activity. To date, these claims have been studied exclusively
on un-pretrained deep networks. We next assess how pretraining affects this overfitting
in open loop human cursor control data by comparing a continuous and trialized
setting. In the continuous setting, we cut random one second intervals of data in
training and continuously stream up to one second of data in evaluation. The trialized
setting formats data to respect trial boundaries, so the model always sees data aligned
to the start of behavior.

In Fig. 5.5B, we show that models using both trialized training and evaluation
outperform models with both continuous training and evaluation. This implies NDT3
will learn to exploit clear trial structure in data. However, while trialized from-scratch
models become subtrivial under continuous evaluation (solid blue line is off-panel),
pretrained models degrade more gracefully. For example, the 350M 2 khr model

evaluated continuously only performs slightly worse with trialized tuning than with
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continuous tuning. Pretraining NDT3 thus reduces its dependence on trial structure,
which should benefit both data analysis and iBCI control. Note, however, the contrast
in these results with Fig. 5.4D, which show that DNNs clearly do overfit to tuning
data in some cases. These nuances underscore the importance of rigorously evaluating
model generalization in future work.

New brain areas In Fig. 5.5C, we return to multiscale fine-tuning to test how NDT3,
pretrained on motor cortex, performs in somatosensory cortex (S1) and oculomotor
areas (FEF and MT). The S1 data shares the same self-paced reaching behavior
of Fig. 5.3B, while the Oculomotor data is an analogous visual pursuit task. The gain
from pretraining over from-scratch models is high in S1, but also nontrivial in the
Oculomotor dataset. While the former can be attributed to the close interaction of
sensorimotor areas, the latter implies NDT3 has learned a broader prior. Although
these results are encouraging, our previous results suggest these gains could reflect
common experimental artifacts like trial structure, rather than neurophysiological
priors (e.g. declining subject focus over time [233]). For example, this Oculomotor
dataset contains 4 behavioral conditions, which may benefit from the tendency to

learn classifiers shown in Fig. 5.4D rather than a prior on neural dynamics.

5.4 Discussion

Broader Impacts NDT3 is built as a generic pretrained model to accelerate BCI
motor decoding workflows. To the extent it can, and with the cost and complexity
of pretrained deep networks over simpler decoders considered, such BCI devices are
intended to restore function to individuals with disabilities or impairments resulting
from brain injury or disease. Human BCIs do however pose risks for data privacy and
personal agency [234], which are accentuated by the adoption of pretraining paradigms.
NDT3 may also be used in non-human primate BCI research. We believe that the
increased data efficiency of pretrained models in those settings can help reduce the
need for redundant data collection.

Limitations This work provides an initial assessment of scaling up neural data decod-
ing with a Transformer. Beyond the explicitly analyzed limitations in Section 5.3.2,
this work can be expanded on both architectural and data design axes. Architectural
choices include the use of different neural features (spike times, bandpower) or meta-

data features (per-day embeddings). Data design axes are harder to explore, as it is
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constrained by the expense of creating intracortical datasets (public or not). They
are nonetheless vital to understand, as NDT3’s results may poorly predict scaling
trends on datasets with more diverse neural activity or behavior, with unconstrained
(naturalistic) experimental paradigms, or with many more (1000s) of subjects.

Many fields are now pursuing large-scale deep learning as "a tide that lifts all
boats" [235], hoping that improvements in effective pretraining will yield field-wide,
downstream improvements. Such a unifying abstraction would be timely for neuro-
science, given the increasing volume, diversity, and complexity of modern neural data.
Joining other pretraining efforts on varied modalities of neural data (Section C.1.1),
we trained NDT3 on 2000 hours of paired neural population activity from motor
cortex and behavior, and then conducted a broad downstream decoding evaluation.
Consistent with other foundation models, we found the best aggregate performance
comes from increasing data scale and model size jointly (Section 5.3.1). We release the
350M 2 khr NDT3 as a strong baseline foundation model for intracortical decoding
from spiking activity, with the disclaimer that benefits will likely be minimal by 1.5
hours of downstream data. To move forward, we highlight input order sensitivity and

output attractors as issues future foundation models should address.



CHAPTER 5. A GENERALIST MOTOR DECODER 63

A. Pretraining-time evaluation B. Downstream evaluation
R? Subject transfer is weak and needs larger models > - 4D Bimanual 2 | 2D Self-pace
751 R" ' Cursor * R%| Reach L I
Subject Sessmn 45M 45M 350 [5) 1 o silc
0.3- ¥ o * + Q \wf
©®s @ x 0.6' E
1 + @ */ =
' @ x | ] § g
‘ 0.2- g 0.5l A 2
1.5hr 200hr 200hr 200hr 2khr 2khr * : £
Pretrain Data \Volume | L % ® o
® I s
—
LEGEND NDT.3. .S;‘rcxtch Pretrg;\ed 45M Pretrq|lTlﬁi35OM o1 : 42 min 0] - 12 hr &
—° 10 25 50 100% “*7 310 25 50100%
. D. E. «
5 Downstream: 8 task x 3-5 scales Avg. o
R —Baseline | ~45M param 3 NDT3 Scratch ] Row>CoI:‘:n: ii%nl\;\lclance 8 1.5-
0.3- 45M 1.5 hr- 0,01 0.00 ? ;::g; E - M
- © ® & 49 +
45M 200 hr, 000 000 E 10 . 2 go%:?f‘ #55s *
02 B8 - ELOT: - dpd
[ 45M 2 khr, 000 000 o +
0.1- [ - - =2 o 5%
11 350M 200 hr; 000 0,00 004 E 0.5~ * .
0.0- Lo o x *
{‘3"\ § Q‘é S [q'é\ Q‘é Jé\ Q‘é $ 350M 2 khr- 0:)_0 o_.;n u{llz 0.94 04\_)2 ‘ S .
RIS g S ~ S P S, U SV S S o Y e
§ & N &Y v v & F SOOI 0.0 0 1 2
s & & e R N 10 10 10
& & S .
s eS8 S $ Minutes of Task Data

Figure 5.3. Evaluation on diverse motor tasks: A single legend is used throughout. A.
Pretraining evaluation for 5 models, the center two bars are repeated for clarity. The top 5
evaluations across pretraining checkpoints are averaged and scattered individually. All models’
pretraining data include 1.5 hours of calibration data for the test dataset. We compare a
model with just this data (1.5 hr) to using 200 hours of additional data from over 10 other
monkeys (Subject) vs 200 hours from the test monkey (Session). Only the additional test
monkey data improves over the calibration model. The final two models pretrain on our full
pretraining dataset (2 khr), which includes the 200 hours from the test monkey. Using 2 khrs
underperforms the 200 hr model at 45M parameters, with performance restored by increasing
capacity to 350M. B. Examples of good and bad data-scaling in downstream multiscale
evaluation on two datasets. The bottom right text shows total time used in downstream
fine-tuning. The x-axis scales this full dataset down by random subsampling. Shading shows
standard deviation on 3 tuning seeds. Increasing pretraining data yields performance gains
at all downstream scales in the 4D task, but effects are unclear in the self-paced reach task.
C. Downstream performance averaged for 31 settings comprised of different downstream
datasets and scales, for different NDT3s and baselines. 45M NDT3s improve with data from
1.5 hrs to 200 hrs but saturate at 2 khrs. Increasing model size to 350M parameters enables
further gain. D. p-values computed from FDR-corrected pairwise t-tests for each pair of
models. The 350M 2 khr NDT3 significantly outperforms other pretrained NDT3s, except
the 350M 200 hr NDT3, and is the only model to do so. NDT2s omitted for brevity, see
Fig. C.8. E. Per-task performance, normalized by the 350M 200 hr NDT3 performance, is
shown against task time for different NDT3 models. Each vertical band shows models trained
on the same evaluation setting, e.g. dashed lines show the evaluations from the self-paced
reaching dataset. Model variability vanishes by 1.5 hours, implying scaling will only help
below this limit.
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Figure 5.4. Pathological sensitivity to input order and stereotyped outputs. A.
Setup for fine-tuning for input analysis. Colored bar marks a constant physical electrode
channel of neural data, boxes show how they are tokenized for NDT. Schematic uses only 8
channels and 2 tokens, data has 96 channels and 3 tokens. Using models initialized from
scratch or from pretraining (1), we tune and evaluate performance on a self-paced reaching
dataset (3). We precede evaluation by training on an intermediate setting (2) with altered
neural inputs relative to (3). (3) only uses a minute of data, while (2) uses several hours.
B. The first three settings are no intermediate training (Test Calib Only), tuning with
data Cross-Session data or Cross-Subject data with the same behavior. The latter settings
alter cross-session data to emulate how cross-subject data might fail to transfer. Shuffle
channel randomly permutes inputs, half-token shift rolls channels so that each channel 7 uses
data from i + 16, and shuffle token permutes data tokenwise, while preserving the channels
grouped in each token. Gains above the Test Calib Only baseline are only preserved under
token-shuffling. C. We study angular extrapolation in an isometric monkey dataset where
exerted forces are mapped to cursor positions in 8 different angles. We use three held-in and
five held-out angles. D. Predictions are made either by fitting a Wiener Filter to neural
data after dimensionality reduction (Linear), or from NDT3 (Scratch, 350M 2khr). While
the linear model extrapolates to held-out angles, NDT3 predictions strictly follow held-in
angles. E. Pretraining improves over from-scratch in held-in angles, but far underperforms
in held-out angles.
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Figure 5.5. Generalization of pretraining gains. A. Models fine-tuned in one distribu-
tion of data are evaluated in-distribution (ID) and out-of-distribution (OOD). Top plots show
the distribution across channels of neural firing rates from OOD and ID trials, normalized
by average ID firing rates. Lower plots scatter OOD vs ID performance, with each point
being a single model with different hyperparameters. The time shift uses two human cursor
datasets collected one hour apart. Models were tuned in each block and were evaluated in
the second block. Pose shift uses a monkey center-out reach task which was performed with
the hand starting in different locations in the workspace. Spring Load uses a dataset of
monkey 1D finger motion with or without spring force feedback. B. Models are evaluated
on a human open-loop cursor dataset prepared in two ways. Trialized training receives
inputs according to trial boundaries, varying from 2-4 seconds in length. Continuous training
receives random 1 second snippets (that can cross trial boundaries). Trialized evaluation
matches trialized training, and continuous evaluation is done by streaming up to 1 second
of history. ¥ indicates points below 0.0. Continuously trained models perform well in both
evaluation settings, while models trained on trialized data fail in continuous evaluation. C.
Multiscale fine-tuning performance of NDT3 on datasets recorded outside motor cortex,
namely S1 (Somatosensory) and FEF/MT (Oculomotor).



Chapter 6

DELETE: Denoising Electrical Events

with a Transformer Encoder

This chapter is reproduced from “DELETE: Denoising FElectrical FEvents with a
Transformer Encoder,” by Joel Ye, Wentao Yang, Taylor Hobbs, Robin Lienkdmper,
Charles M. Greenspon, Leila Wehbe, and Robert Gaunt.

6.1 Introduction

Every scientist must overcome the challenge of separating signal from noise in their data.
In electrophysiology, recordings can be degraded by artifacts from the environment,
subject movement, or our own experimental stimulation protocols (Fig. 6.1A). In an
ideal world, each noise source has uniquely identifiable symptoms that could be best
characterized and mitigated with bespoke solutions. Yet real-world noise, like the
real-world data it resides in, can vary in ways that make bespoke treatment expensive.
For example, electrophysiological stimulation protocols can vary in amplitude, timing,
and electrode selection, resulting in a repertoire of related artifact profiles rather than
a single, well-characterized artifact. Further, even if any single noise source can be
mitigated, their combinatorial interactions invite additional headaches, resulting in
degraded datasets or expensive curation.

To avoid bespoke denoising methods, one practice is to embrace noise as inherent
to the data and turn to deep networks for end-to-end processing. However, applying

this approach directly to raw, high-bandwidth sensor data is inefficient when the
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signals needed for scientific inference are often much sparser. In neurophysiology,
broadband electrophysiology is sampled at tens of kilohertz per recording channel,
whereas individual neurons on those channels typically fire only tens of spikes per
second. This data imbalance is certainly not unique to neuroscience: detectors at the
Large Hadron Collider observe collisions at rates approaching 40 million events per
second, while online trigger systems retain only a minute fraction for downstream
analysis. This disparity has motivated anomaly-detection-based preprocessing that
identifies rare events against a vast background of ordinary observations [236]. Inspired
by this perspective, we propose an analogous approach to electrophysiological denoising,
using local predictability to distinguish informative neural events from background
structure.

Here we demonstrate this principle with a Transformer-based autoencoder [128,
129], and term our method DELETE (Denoising Electrical Events with a Transformer
Encoder). Though DELETE’s formulation is general, we focus our analysis on
intracortical microstimulation (ICMS), where, instructively, artifact severity can
increase with stimulation-protocol complexity.

As illustrated in Fig. 6.1B, the large stimulation transient and its slow decay
visually dominate a small evoked response, but more importantly, their timing is much
more precise than that of the physiological evoked response, as the former arise from
circuitry while the latter arises from biology. To separate the two, DELETE learns
to predict the recording from a local spacetime context broad enough to infer the
artifact, but too limited to reliably predict the neural response.

DELETE’s learning of artifact regularity resembles existing rejection methods that
learn across repetitions or recording channels. DELETE is distinguished, however,
by its weaker assumptions: it requires no predefined artifact windows and asserts
no parametric form for the artifact. Moreover, a single DELETE model can train
across multiple types of spatial or temporal artifacts, including different stimulation
paradigms, replacing a toolbox of artifact-specific methods with one general-purpose
denoiser.

We build this case in three stages. We first show that DELETE performs compara-
bly to competent baselines for artifact suppression across spatial-noise and stimulation-
artifact simulations, and use these simulations to characterize key hyperparameters.
We then benchmark DELETE against other denoising methods on real recordings,

showing that it largely preserves neural activity in stimulation-free recordings and
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Figure 6.1. DELETE removes predictable artifacts in data to recover neural
activity. (A) Electrophysiological recordings reflect neural activity, but are also contaminated
by varied real-world noise sources. (B) DELETE operates on multichannel broadband data.
The depicted pipeline shows three channels contaminated by a large electrical stimulation
artifact. Zooming reveals the target evoked response. DELETE is trained to reconstruct
random obfuscated subsets of the data from its surrounding spacetime context. With the
assumption that neural signal is less predictable than artifact, DELETE’s training will
emphasize the predictable slow decay of the stimulation artifact, thus enabling separation of
artifact and denoised data.

performs consistently across our challenging human stimulation datasets. Finally, we
demonstrate DELETE’s utility beyond heuristic metrics, deriving neurometric thresh-

olds from recovered activity that correlate with psychometric detection thresholds.

6.2 Methods

6.2.1 DELETE approach

We summarize DELETE’s training and deployment in Fig. 6.2. DELETE is a masked
autoencoder (MAE) [130, 129], a deep network trained to reconstruct an input context
when portions are masked out. For denoising, DELETE’s context is a short, contiguous
chunk of broadband electrophysiology. We used a 32-channel by 6 ms window. We

use 32 channels as given by the physical electrode count in each of our electrode
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Figure 6.2. DELETE training and deployment. (A) Training: A random subset of the
multichannel space x time input is masked by adding Gaussian noise. DELETE is trained
to estimate the added noise. (B) Deployment: DELETE is convolved across broadband
recording without masking, and its output is used directly as the de-artifacted neural signal.

arrays, while we use 6 ms according to sensitivity analyses in Section 6.3.2. This
spatiotemporal input is split into tokens for the Transformer. We used a 2 ms slice
from each channel as a token, resulting in 96 tokens. At 30kHz sampling, each
token starts as a 60-dimensional vector. We linearly project this raw data into and
out of the Transformer’s hidden dimension. This setup thus far closely resembles
other autoencoders applied to neural data, including the work of Talukder et al. [131]
and DeeplInterpolation [237|. Even when oriented around denoising, however, these
existing studies focus on what the model can recover. Deeplnterpolation, for example,
uses these predicted outputs to remove imaging shot noise. In contrast, here we are
interested in what DELETE cannot predict.

In training (Fig. 6.2A), DELETE receives inputs with a random subset of tokens
obfuscated. Due to the large dynamic range of artifacts relative to neural signal, we
find it more numerically stable to implement this obfuscation with additive Gaussian
noise rather than standard blanking. Further, the training objective is modified to
predict not the original, true signal, but instead the injected noise itself. Estimating
this noise tasks the model with distinguishing the corrupted input from native structure
that can at least partially be reconstructed from the surrounding context. When
applied without artificial noise, the same operation instead outputs the naturally
unpredictable components of the recording, such as evoked spikes. For models trained
on real data, we set the injected-noise amplitude to ¢ = 100 1V, relative to the
amplifier’s data range of 8,000 V. This value was chosen heuristically to minimize
distortion of recovered spike amplitudes; see Section 6.3.2. Models are selected by
best validation loss with early stopping.

The training data need not consist of curated artifact windows. For intermittent
artifacts like stimulation, including stimulation-free periods in training allows the model

to be deployed continuously. At test time, DELETE is applied in sliding windows
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across the raw recording, providing a continuous preprocessing layer (Fig. 6.2B).
Our reference 32-channel model uses eight Transformer layers with a hidden
dimension of 256 and four attention heads per layer. During training, we independently
corrupt each input token with Gaussian noise with probability 0.2 and evaluate mean
squared error between the predicted and injected noise only on corrupted tokens. We
train this model with the MARS optimizer [238|, using a nominal learning rate of

3 x 10~* and cosine decay.

6.2.2 Datasets

We evaluate DELETE on both simulated and real-world electrophysiology with varied
artifact type and severity. Our simulations extend methods used in previous work [239,
240], while our real-world evaluations use human sensorimotor recordings and an
open-source macaque reaching dataset. We focus on recovering neural spiking activity,
using a 30 kHz sampling rate for simulations and human recordings and the native

rate of approximately 24.4 kHz for macaque recordings.

Simulations

We study spatial (cross-channel) artifacts by extending the linear-mixing simulation
of Musial et al. [239] to a 64-channel array. Each channel reports the sum of sampled
neural spike waveforms, per-channel private bandlimited Gaussian noise, and a linear
combination of 32 latent noise sources shared across channels. Spike times are drawn
per channel from a 4th-order Gamma inter-spike-interval process, and waveforms are
sampled from five units recorded with Neuropixels in mouse brain [233|. To evaluate
DELETE’s ability to multiplex across artifact regimes, we generate multiple realizations
by varying the mixing coefficients of the latent noise sources across channels.

To study temporally structured stimulation artifacts, we adopt the intracortical
microstimulation (ICMS) simulation of Wang et al. [240|, which was developed to
benchmark artifact removal for an ICMS-based visual prosthetic. Trains of stimulation
pulses are delivered at 200 Hz with current amplitude swept across 20-80 A in 20 pA
steps on a single channel in a 64-channel array. These pulses produce large, lightly
varied artifact templates alongside spontaneous spikes, ICMS-evoked spikes, and
spike-triggered field potentials; both the artifact and the evoked response decay with

distance from the stimulating channel. We extend this base setup with Slow Decay
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and Common Noise variants to stress different baseline methods. Slow Decay extends
the exponential decay of the stimulation artifact, which effectively adds DC offsets
across pulses and degrades artifact stereotypy. Common Noise adds a shared Gaussian

noise component to all channels, which disadvantages single-channel curve fitting.

Participants and intracortical recordings

For real-world evaluation, we apply DELETE to stimulation-free (Section 6.3.3) and
ICMS (Section 6.3.4) data. These data were primarily collected from five human par-
ticipants (P2-P5 and C1) with spinal cord injury who were implanted with NeuroPort
Electrode arrays (Blackrock Neurotech) in sensorimotor cortex. We also analyzed
macaque data from motor-cortex during a random-target reaching task [151]. Each
recording channel corresponds to an electrode; we generally use electrode for the
physical site and channel for its recorded signal.

Human baseline and ICMS data were collected as part of a longitudinal study
of brain-computer interfaces (BCIs) for sensorimotor neuroprosthetics, which was
approved with an Investigational Device Exemption from the FDA and by institutional
review board protocols at both the University of Pittsburgh and the University of
Chicago. The clinical trial is registered at clinicaltrials.gov (ID: NCT01894802) and in-
formed consent was obtained before any experimental procedures. ICMS was delivered
to somatosensory cortex using Neuroplex ES stimulation cables (Blackrock Neurotech)
and a CereStim C96 stimulator, which together enabled concurrent stimulation and
recording. Baseline datasets were collected from participants either at rest or when
prompted to imagine moving their upper limb in an unstructured manner. In ICMS
datasets, the participants were either prompted to report stimulus detection or were
at rest.

We measure preservation of neural activity with the human baseline and macaque
data. In the human data from three participants (P2-P4), we assess firing-rate
preservation using per-channel Pearson correlations between rates with and without
DELETE preprocessing, computed from spike counts binned at 1 ms and smoothed
with a Gaussian kernel (o = 10ms). We also compute the power spectral density of
these baselines using Welch’s method with 200 ms windows. We compared decoding
of finger velocity under three preprocessing conditions: Raw (no denoiser), LRR, and
DELETE. DELETE was fine-tuned on the five target recordings without behavioral

labels. Finger velocity was predicted by ridge regression using the current and six
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preceding 20 ms bins of exponentially smoothed spike counts (7 = 240ms). For each
preprocessing method, the spike-detection threshold was selected from 4, 4.5, and 5
times the channel-wise standard deviation of the filtered signal to maximize mean
validation decoding R? across the five sessions; final performance was evaluated on
held-out test data.

Intracortical microstimulation protocol

ICMS Single channel Fixed Random amplitude Muttichannel Fixed
Poisson timing
Datasets A Stim onset
Single-trial
Single-channel AL Ml Mas Am
Broadband 3.0 mv | 3.0 mv | 3.0 mv |
500 ms 500 ms 500 ms

Peri-pulse
array average

1ms 1ms 1ms

Figure 6.3. ICMS datasets. Broadband recordings under three intracortical microstimu-
lation (ICMS) protocols, ordered by increasing artifact severity. Top: Example trials showing
the stimulating channel’s broadband activity; red triangles mark stimulation onsets. Bottom:
Pulse-averaged peri-pulse activity, shown for sampled channels. Shading shows standard
deviation across pulses. The black channel is the stimulated channel for the Single channel
Fixed and RAP protocols; all shown channels are stimulated in Multichannel Fixed. The
RAP and Multichannel Fixed averages show a secondary transient at a fixed 3.3 ms after
each pulse, caused by a hardware switch on our stimulation platform.

In each ICMS experiment, stimulation trains were delivered to one of two sensory
arrays. Individual pulses were fixed to a 200 us cathodal phase, 100 us interphase
interval, and 400 us anodal phase. For our primary evaluation benchmark, we varied
pulse trains in amplitude (2-80 pA), pulse timing, and electrode selection, according
to one of three protocols: Single channel Fixed, Random Amplitude Poisson-timing
(RAP), and Multichannel Fixed, as illustrated in Fig. 6.3. In Single channel Fixed
data, each pulse is delivered to a single electrode at 100 Hz. In RAP data, each pulse
is generated according to an inhomogeneous Poisson process, and delivered to a single

electrode uniformly drawn from a subset of nine electrodes on the array. The rate of
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the generating Poisson process shifts every 200 ms and is randomly drawn from 20 to
100 Hz. In Multichannel Fixed data, stimulation is again performed at 100 Hz, but
each pulse stimulates a fixed set of four electrodes on the array. We use five datasets
under each protocol to form a benchmark (Section 6.3.4) spanning four participants
(P2-P5), with approximately 60,000 pulses across about 15 minutes of stimulation in
total.

For our neurometric analysis, we combine detection task data and passive, task-
free datasets. These datasets are a superset of the Fixed benchmark datasets, with
stimulation on single electrodes, constant frequency, and varied amplitudes across
trials. The detection task estimates the amplitude needed to detect ICMS in a two-
alternative forced-choice (2AFC) format. The amplitude sampling is determined either
by a transformed up-down staircase [241] or by the method of constants, which sweeps
predefined amplitudes a fixed number of times [68]. The passive stimulation data
perform a similar fixed sweep over predefined amplitudes, but without a report. Most
neurometric datasets are 100 Hz, 1 second trains, along with some 100 Hz, 0.3 second
passive trains and 50 Hz, 1 second detection task trains. We analyze 35 electrode-days
spanning 23 distinct stimulating electrodes across four participants (P3-P5 and C1).
We define an electrode-day as recordings collected while stimulating one electrode in

one participant on a single day at a fixed stimulation frequency.

Human ICMS dataset processing

We used the human ICMS recordings to benchmark DELETE and several baselines
in a standardized pipeline (Fig. 6.4). The pipeline takes broadband recordings from
the two electrode arrays (64 channels total) and annotated stimulation pulse times
(stage 1). We then apply the selected artifact removal method (stage 2). Our evaluated
methods varied in their treatment of the stimulation transient, which often saturated
the amplifier’s dynamic range and thus left no valid neural signal. Even methods that
attempt to remove it (ERAASR and DELETE) generally fail to do so completely. We
see this in the residual transient in the artifact removal stage. Thus we unconditionally
linearly interpolate the data from 0.1 ms before to 2 ms after each stimulation pulse
(stage 3). Some of our ICMS datasets (RAP and Multichannel Fixed, see Fig. 6.3)
contain a secondary transient artifact 100 samples (3.3 ms) after the stimulation pulse
when the stimulator circuit switches off for device safety. We similarly interpolate an

additional 0.67 ms interval at this timepoint when these artifacts are present.
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Figure 6.4. Standardized spike extraction from human ICMS recordings. One
example channel is shown at successive processing stages, with stimulation pulse times marked
by vertical lines. Note that the voltage scale changes across stages. (1) Raw broadband,
dominated by the stimulation transient. (2) The chosen method, here DELETE, removes
artifact. This is the only stage that varies across evaluated methods. (3) The pulse window
(—0.1 to +2ms, shaded) is interpolated unconditionally, as all methods fail to fully remove
the stimulation transient at stronger artifacts. (4) A 750 Hz high-pass filter brings the data
to spike band. (5) The previously interpolated window is widened by 0.2 ms and zeroed to
suppress filter ringing, and spikes are detected as crossings (markers) of a —4.5x baseline
RMS threshold (dashed).

We then apply a bidirectional 750 Hz high-pass Butterworth filter, as in prior
work on this recording system [242| (stage 4). The previously interpolated interval is
widened by 0.2ms on both sides and zeroed to account for filter ringing. We compute
a baseline activity RMS using pre-stimulation data, and extract spikes as crossings of
—4.5% this baseline RMS (stage 5). Unless otherwise specified, we do not pre-filter

channels for their firing rate or spikes for their quality.

6.2.3 Baseline artifact denoising methods

We compare DELETE against several popular baselines. To parse the space of
existing software-based approaches for stimulation artifacts [243], we use two axes:
the spatiotemporal context they draw on to estimate the artifact, and the data on
which that estimate is fit. The simplest methods—blanking or linearly interpolating
through the artifact [244, 242]—might best be thought of as data-free: they make
no attempt to model the artifact, and recover no signal within the treated window.
Next, filtering, polynomial, or exponential curve fits [245, 240, 246, 247| are estimated
and applied on the immediate temporal context within each inter-pulse window.

These local temporal fits have broad applicability, requiring no knowledge of electrode
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arrangement and, beyond pulse timing, little of the stimulation protocol. More
sophisticated methods assume and exploit further structure in the recording: spatial
regression from simultaneously recorded channels [239], template averaging over
repeated pulses [248, 249] or over the successive periods of a periodic artifact [250], a
subspace of leading principal components taken across channels, pulses, and trials [251],
or structured probabilistic models that fit the artifact’s joint spatial, temporal, and
amplitude regularities [252]. These recover more signal, but may become unwieldy
when addressing a large variety of artifacts, for example from variable, multi-electrode
stimulation. At the widest extreme, dictionary learning [253] abandons a fixed
parametric form and learns artifact prototypes from the data itself, absorbing more
irregular artifacts, though this method is still reliant on aligned artifact windows as
input.

Our baselines are selected to span spatial and temporal approaches for both
stimulation-free and stimulation-based data. As baseline spatial methods, we use
common average reference (CAR), which subtracts the across-channel mean from each
channel, and linear regression reference (LRR) [239], which regresses each channel’s
activity from all other channels at the same timepoint. CAR is only evaluated in
simulations.

We consider polynomial [240] and spline curve fitting as pure temporal baselines.
These methods fit the inter-pulse window in ICMS data with a polynomial or spline
fit. In the benchmarks, we sweep the polynomial order and select the best per dataset,
over even orders 8-16 on real ICMS data and orders 3-8 in simulation. The spline
baseline is a cubic smoothing spline fit per channel to each post-blank inter-pulse
window. Its smoothing parameter is set to s = 0.001 n for an n-sample window to
allow RMS residual of about 32 yV—an allowance comparable to spike amplitude in
our data. As a simple spatiotemporal baseline, we also evaluate applying polynomial
fitting followed by LRR (Poly LRR). LRR fitting excludes the blanked transient
intervals in stimulation data.

We also evaluate template subtraction [248, 249] and ERAASR [251], which are
fit to a fixed tensor of aligned inter-pulse artifact windows. Template subtraction
(Template in figures) models the artifact as the average activity in the inter-pulse
window for all pulses of a fixed stimulation electrode and amplitude. ERAASR also ex-
ploits pulse-level stereotypy, but further models artifact across simultaneously recorded

channels and trials. It estimates the artifact as the leading principal components
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along each of these axes in turn and regresses them out, reconstructing each channel
from the others so that local spiking is spared. In our implementation we use only the
channel and pulse axes, as several of our datasets lack trial repetition. Note that their
dependence on fixed inter-pulse frames precludes these two methods from applying to
ICMS with irregular timing.

Baseline hyperparameters, namely polynomial order and ERAASR component
count, are selected per dataset in the benchmarks. In simulation, we select on spike
recovery, minimizing (1 — hit rate) + false-positive rate on the training split. For
simplicity, we fix the polynomial order at 8 for the downstream analyses in Fig. 6.9.
Due to computational expense, ERAASR is set to use 1 channel PC and 4 pulse PCs,
as selected on a 20% subset of the full benchmark.

Conceptually, DELETE generalizes these baselines. It omits the assumptions
about artifact smoothness or parametric form used by many baselines, but retains the
assumption that artifacts and neural signal are distinguished by their variability and
predictability. As a deep network, DELETE is likely behaviorally closest to dictionary
learning [253], in keeping with interpretations of deep networks as interpolators over
their training examples [254, 255|, though we did not compare against it, as it shares

the aligned-window requirement of template subtraction and ERAASR.

6.2.4 FEvaluation metrics

In simulation, where ground truth neurophysiological signal is available, we report
broadband deviation and spike hit rate. Both are scored over the same interval: the
window between consecutive pulses (5ms at 200 Hz), excluding the first 0.8 ms after
each pulse. This exclusion is sufficient to span the acute stimulation transient and
subsequent high-pass filter ringing in simulation, and marks the first sample either
metric can meaningfully score. The deviation is the per-pulse mean absolute error
between the ground-truth broadband (including evoked spikes and slower LFP) and the
denoised output, reported as the mean paired difference across pulses (baseline minus
DELETE). The hit rate is the fraction of ground-truth spikes recovered, matching
detected spike troughs one-to-one to ground-truth spike times within 0.1 ms. The
false-positive rate is the fraction of detected spikes without a ground-truth match.
Both rates are reported against distance from the stimulating electrode.

We quantify single-channel spike isolation with a signal-to-noise ratio (SNR): for
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each channel, the signal is the mean spike peak (the most negative filtered voltage within
+0.4ms of each detected threshold crossing) and the noise is the standard deviation
of the filtered voltage over the inter-spike baseline (crossing windows excluded); SNR
is the absolute value of the ratio. For concurrent-stimulation recordings, SNR is
computed separately in a pre-stimulation quiet window and the peri-stimulation
window (first to last pulse), giving baseline and peri-stimulation SNR.

On real ICMS recordings, where evoked activity has no ground truth, we report
four heuristic metrics, illustrated in the ICMS evaluation (Fig. 6.8A-D). The two
metrics with per-channel calculations (RMS Inflation and Waveform R?) are averaged

across channels on the stimulated array, excluding stimulating electrodes.

RMS Inflation. The ratio of peri-stimulation to pre-stimulation signal RMS after
artifact rejection; ratios far above 1 imply residual artifact that triggers false

threshold crossings.

Waveform R?. Measures whether spikes detected during stimulation still resemble
the units seen in quiet (pre-stimulation) periods. For each channel, we cluster
its pre-stimulation spikes into a small bank of waveform templates (up to three
cluster-median templates via k-means), then match every peri-stimulation spike
to its best-fitting template over a +0.1 ms time shift and score the match by the
coefficient of determination, k2. The channel-level Waveform R? is the mean R?
across its peri-stimulation spikes. Channels with fewer than two pre-stimulation or
two peri-stimulation snippets, or otherwise lacking a valid score, contribute zero

to the array average.

Activity Synchrony. Counts samples in which simultaneous threshold crossings
occur on more than 25% of the array, reported as synchrony events per second
(syncs/s). This conservatively high, single-sample criterion is intended to identify
array-wide contamination, such as sudden movement, line noise, or insufficiently
mitigated stimulation artifact. Synchronous ICMS-evoked activity could trip this
metric, as antidromic spike activation can exhibit less than 0.1ms (3 samples at
30 kHz) of latency jitter [256], but we see this as unlikely in our setting. Sombeck
et al. [247| infer that most spikes observed after 0.7 ms are likely transsynaptic, and
further measure that evoked spike jitter increases with latency from the stimulation
pulse, to >0.1ms by 1ms, well within our blanking period of 2.2ms. To check
sensitivity to the 25% threshold, we show that the metric’s qualitative ranking
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holds across a range of thresholds in Section D.1.3.

Injection Recall. Injects observed spike waveforms into inter-pulse intervals lacking
detected spikes, re-runs denoising, and measures the fraction recovered versus
time from pulse onset. We summarize recall as the pooled fraction recovered for
injection offsets from 0.6 to 7ms after pulse onset, shortening this interval as
needed for closely spaced pulses. As injected spikes may be low-amplitude and
inherently unrecoverable when injected into noisy background, we normalize by
recall in non-stimulation periods. We show that recall rapidly increases when

injecting synthetic spikes of moderately large amplitude in Section D.1.2.

We emphasize that these metrics can only partially assess denoising performance
as they are not based on external truth. For example, RMS Inflation and Activity
Synchrony are normative about the expected neurophysiological response. RMS
Inflation may legitimately exceed 1 when stimulation evokes sufficiently large spiking or
field-potential responses, and genuinely synchronized responses could trigger Activity
Synchrony. Thus, both metrics can misclassify physiological activity as artifact.
Inversely, instead of rating neural response poorly, waveform R? and injection recall
can score artifact well. As shown in Fig. 6.8B, Waveform R? can remain high when a
method preserves line-noise crossings in both periods. Injection Recall can likewise be
biased upward for noisy methods because spikes are inserted only into intervals without
existing detections, potentially selecting unusually easy inter-pulse intervals. These
limitations are inherent to real-world evaluation without ground truth, so conclusions

must be made holistically.

6.2.5 Neurometric threshold estimation

To evaluate denoising against a downstream readout of evoked activity, we estimate a
neural detection threshold from multiple trials of denoised recordings and compare it
to the participant’s behavioral threshold. The comparison follows the neurometric
calculation of Britten et al. [257|, applied to ICMS detection as in Grani et al. [80].

Per-trial neural response. For each experiment and each denoising method,
we extract threshold crossings with the pipeline of Section 6.2.2 and compute per-
channel firing rates in a 300 ms window beginning at the first pulse of the train, with

corresponding windows in no-stimulation intervals. Rates during ICMS are corrected
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for blanking by dividing by the fraction of the measurement interval that remains
unblanked. For each trial and channel, we subtract the firing rate in the 100 ms
immediately preceding the corresponding measurement window. We then z-score
these baseline-subtracted responses using each channel’s mean and standard deviation
pooled across stimulation and no-stimulation intervals, separately for each denoising
method. As in Grani et al. [80], we observe decaying modulation with distance to the
stimulating electrode, but the exact spatial pattern and extent vary across stimulating
electrodes. As a simple summary feature, we average these z-scored responses across
channels within a Manhattan distance of 4 from the stimulating electrode, excluding
its own channel. To prevent dilution by unresponsive channels, we drop channels
whose mean unsubtracted rate over the two highest tested amplitudes falls at or below

2Hz. This selection is performed separately for each denoising method.

Neurometric threshold. Grani et al. [80] define a neurometric threshold from the
neural response curve itself, fitting a sigmoid to response against amplitude and taking
its half-maximal point. That construction suits our data less well, as amplitude ranges
vary more across stimulating electrodes, and our responses often do not saturate within
the delivered range, leaving the sigmoid’s half-maximal point poorly constrained. We
therefore define the threshold by discriminability instead, as in Britten et al. [257].

With sufficient repeats at each amplitude, discriminability can be estimated
directly using the empirical AUROC, which gives the probability that our neural
summary feature is higher during stimulation than baseline. However, our dataset has
uneven trial counts, with some amplitudes tested only once or twice, making these
per-amplitude estimates imprecise.

We therefore use a parametric AUROC, fitting the individual trial responses with a
log-sigmoidal amplitude-response curve. Evidence on a stimulation trial at amplitude
a is modeled as Gaussian with mean po + f(a) and standard deviation o4(a), against
no-stimulation trials with mean py and standard deviation oy. This AUROC reference
is drawn from the non-target intervals of detection trials together with no-stimulation

catch trials from passive data. The mean evoked response follows

f(a) = B - expit (bg“%“) ,

Here, ( is the maximum mean response above the no-stimulation reference, aq is
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the midpoint on the log-amplitude axis, and 7 sets the transition width. We allow
variance to scale with stimulation amplitude by setting os(a) = o5 + £ f(a), where oy
is the stimulated-response standard deviation at zero current and x sets its increase
with mean response. We estimate all parameters jointly by maximizing the Gaussian
likelihood of individual stimulation and no-stimulation trials across amplitudes. Both
the log-amplitude and amplitude-dependent variance were used as they modestly
improved the fit to empirical response.

Under this model the discriminability at any amplitude follows in closed form,

AUROC(a) = ® (¢> :

os(a)? + o}

where ® is the standard normal cumulative distribution function. The neurometric
threshold 6(c) is the smallest amplitude at which AUROC reaches criterion ¢; Fig. D.5A
illustrates the construction for one stimulating electrode. Because the denominator
itself depends on f, we locate 6 numerically by bisection. We use ¢ = 0.75, matching
the criterion of the psychometric fit below. Thresholds above the highest delivered
current are clipped to it; those below the lowest are retained without clipping.

As a sanity check, we compared our parametric fit against a Weibull curve fit
to empirical AUROCSs at each amplitude by inverse-variance-weighted least squares,
constrained to chance (0.5) at zero current. Our parametric estimate yields slightly
higher thresholds than this empirical estimate (Fig. D.5B).

Psychometric threshold. From the concurrent 2AFC report we fit the probability
of choosing the stimulated interval against amplitude with a two-parameter logistic
by maximum likelihood, floored at chance. The psychometric threshold is the curve’s

midpoint, equivalently the 75%-correct point.

6.3 Results

We design our experiments primarily to assess the flexible utility of DELETE, but
also to provide intuition for its behavior as a relatively black-box method. In Section
6.3.1’s simulations, we show that DELETE recovers linear optima under spatial
noise and provides competitive performance in varied ICMS settings. We then

use simulation ground truth to characterize key hyperparameters before examining
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practical training and deployment on real recordings in Section 6.3.2. Section 6.3.3
assesses DELETE’s potential to degrade artifact-free datasets by turning to quality-
controlled stimulation-free recordings. There, we show that DELETE largely preserves
spike waveforms, timing and firing rates on high-SNR channels, and maintains motor
decoding performance. We then reach challenging human ICMS datasets in Section
6.3.4. As ground truth is no longer available, we provide a battery of heuristic
metrics to show DELETE is generally competitive across easy and challenging artifact
conditions. Finally, in Section 6.3.5, we move beyond heuristic metrics by comparing
the activity recovered by each denoising method with stimulation amplitude and ICMS

detection behavior.

6.3.1 DELETE matches the best baseline across artifact simu-

lations
Spatial artifacts

Spatial artifacts—shared, cross-channel structure from sources like motion or reference
drift—are commonly mitigated in multielectrode recordings by virtual re-referencing.
We begin with a minimal sanity check that DELETE should match these strategies by
extending the simulation setup from Musial et al. [239]. This simulation generates 64-
channel array responses by adding multiple sources of bandlimited noise and templated
neural spike waveforms. Raw and cleaned waveforms extracted from the known timing
in these simulated data are shown in Fig. 6.5A. Common average reference (CAR) is
only modestly helpful as different channels reflect different mixtures of noise sources,
but linear regression reference (LRR) [239] cleanly recovers individual spike waveforms.
DELETE performs similarly, providing a sanity check that its Transformer-based
denoising formulation still behaviorally resembles a familiar linear regression method.

DELETE’s nonlinear capacity, however, should enable it to model multiple artifact
regimes n one model. Fig. 6.5B assesses this claim by comparing DELETE against
CAR and LRR on two simulation draws (datasets A and B), where the linear combina-
tions of shared noise sources are resampled. Like LRR, DELETE fails on unseen data,
falling a little below trivial averaging behavior (Train Dataset A, Eval Dataset B).
However, when trained on both datasets, DELETE achieves near-optimal performance

on each, putatively inferring the dataset context and deploying the correct denoising

rule, while LRR lacks such flexibility.
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To build this interpretation of DELETE as a piecewise linear model, we measure
model input—output sensitivities. That is, we measure the 64x64 matrix describing
how much each channel’s prediction changes with respect to any other channel’s
input. Fig. 6.5C correlates the flattened sensitivity matrices extracted from DELETE
and LRR models fit to datasets A and B. DELETE has multiple columns because
it behaves differently on datasets A, B, and a third simulation draw C. The highly
correlated diagonal for A and B implies that near those datasets, DELETE’s best
linear approximation is essentially the purpose-fit LRR. Notably, however, when in
an unknown third regime C, DELETE relaxes to behaving as the joint LRR, as the
DELETE C and LRR columns match. These simulation analyses show that DELETE
can behave as a flexible ensemble of LRR models, deploying them selectively based on
the data context. We do not intend this comparison to suggest that LRR is typically
trained on multiple datasets; in practice, LRR is often updated continuously to avoid
unknown regimes, and DELETE should be applied similarly. Rather, we aim to
demonstrate that DELETE can model multiple settings at once, which may be useful
for data efficiency and generalization when noise profiles change rapidly, as with novel

stimulation parameters.

Stimulation artifacts

Stimulation artifacts have exploitable spatial and temporal structure, yet remain
challenging because they vary across and within experiments. We extend the ICMS
simulation of Wang et al. [240] with two variants that challenge different artifact
removal strategies (Fig. 6.5D). In Slow Decay, artifact persists across pulses, producing
accumulating offsets that strain template subtraction. Common Noise adds a noise
source shared across channels, challenging single-channel curve fitting. We compare
DELETE against template subtraction, ERAASR, polynomial curve fitting, and
polynomial fitting combined with LRR, using broadband deviation and spike recovery
to assess performance.

DELETE achieves the lowest deviation, or absolute error, against ground truth,
in all three simulations (Fig. 6.5E). Other methods have mixed performance across
settings. We can readily observe that Template fails on Slow Decay, where the offset
accumulating across pulses breaks the temporal stereotypy templating relies on. We
also see that Polynomial curve fitting fails dramatically on Common Noise, because the

added fluctuations are poorly captured by a smooth polynomial fit. In contrast, the
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spatiotemporal methods ERAASR and Poly LRR perform more consistently, though
still behind DELETE. Further, all methods have a steady performance gap against
DELETE on the Base dataset. Interpreting DELETE’s superior performance precisely
is difficult, as the deviation metric is heavily influenced by slow LFP activity.
Downstream analysis of microelectrode recordings typically discards this band in
favor of spiking activity, so we turn to spike recovery in Fig. 6.5F. DELETE again
performs consistently well. Poly LRR lags only slightly behind DELETE in all three
settings. ERAASR lags slightly in Common Noise. We interpret this as due to the fact
that although ERAASR models shared artifact across channels, the common noise
is low amplitude relative to the stimulation artifact, so it falls outside the leading
principal components that ERAASR removes. Template subtraction also has a saliently
high false-positive rate and a low hit rate on Slow Decay, due to inter-pulse artifact
variability. These ICMS simulations support the idea that accounting for multiple
noise settings requires spatiotemporal modeling, and that DELETE accomplishes this

most effectively among the tested baselines.

6.3.2 Hyperparameter sensitivity, training, and deployment

Having established DELETE’s performance in simulation, we use the same ground-
truth setting to characterize two key hyperparameters before turning to training and
deployment on real recordings.

In Fig. 6.6A, we vary the temporal context window and see that spike recovery
generally improves with longer context. We stop at 6 ms, where DELETE can match
stable baselines without yet imposing an intolerable latency for potential online
ICMS control. Shorter-context models ultimately achieve lower training loss but have
worse spike recovery, underscoring the need to consider downstream metrics when
hyperparameter tuning. In Fig. 6.6B, we vary the amplitude of noise injected during
training in a simulation where ground-truth spike amplitudes are known. Recovered
spike amplitude varies systematically with this hyperparameter, so it should be tuned
to the expected spike scale. The simulated spikes are large (up to 500 V), whereas
many spikes in our human recordings have amplitudes below 50 V. Because ground
truth is unavailable in real recordings, we heuristically set o = 100 4V for real-data
models.

Until now, we have considered DELETE models trained from scratch on individual
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Figure 6.6. DELETE hyperparameter sensitivity, training, and deployment.
Columns characterize hyperparameter sensitivity using simulation ground truth (A,B),
training and adaptation on real recordings (C,D), and deployment (E,F). (A) Temporal-
context sensitivity: spike hit rate against DELETE’s temporal context (0.1-6ms) in the
ICMS Base simulation, with Template and Poly LRR shown for reference. Error bars show
standard deviations across simulation trials. (B) Training-noise sensitivity: recovered spike
amplitude against ground truth in the Slow Decay simulation for DELETE models without
explicit stimulation inputs, trained with four injected-noise amplitudes (o = 400-1600 pV).
(C) Evaluation curves across training: a pretrained-and-fine-tuned model (Pretrain+Tune)
reaches lower reconstruction error faster than training from scratch. (D) Design ablations.
Base is our DELETE model used on real recordings: an 11-million-parameter model pretrained
on 18 hours of ICMS broadband data, without explicit stimulation parameters as input. With
stim includes stimulation parameters, Small Model uses 0.6 million parameters, and Small
Data uses 1 hour of ICMS broadband data. Error bars are 95% bootstrap confidence intervals
across 131,072 held-out evaluation examples per variant. (E) Masked (training) versus
unmasked (deployment) error over training. (F) Inference-stride tradeoff between output
deviation and throughput relative to real time. Deviation is the MSE against one-sample-

stride outputs on pre-stimulation segments from three datasets; throughput is measured on
an NVIDIA RTX 4090.
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simulation datasets. To amortize the training cost for repeated application to human
ICMS recordings, we instead pretrain on broadband data from three participants
(P2-P4) and fine-tune to each target dataset. As expected, on a new exemplar ICMS
dataset, fine-tuning DELETE reaches lower reconstruction error in fewer training
steps than training from scratch (Fig. 6.6C). Note that while our pretraining spans
multiple participants, we did not provide the model with any identifying annotations.

In Fig. 6.6D, we review basic pretraining ablations of model size, pretraining-data
size, and stimulation input. The Base configuration uses an 11-million-parameter
model pretrained on 18 hours of ICMS data, without explicit stimulation parameters as
input. Reducing the model to 0.6 million parameters or the pretraining data to 1 hour
increases reconstruction error, but offers substantially lighter training configurations.
Including explicit stimulation parameters (With stim) does not improve reconstruction
error. Accordingly, we omit stimulation parameters from our models.

With the training configuration established, we next examine deployment on
unmasked data (Fig. 6.2B). DELETE is trained with perturbed inputs, so applying
it directly to unperturbed recordings introduces a mismatch between training and
deployment. A similar training—deployment mismatch occurs in masked language
models [130], which are also trained on masked inputs but often applied directly to
unmasked inputs. This discrepancy is tolerable, as Fig. 6.6E shows that DELETE’s
unmasked behavior is also “trained” by the main objective, though its error curve is
more complex than the steadier decline of the masked error. We also confirm that,
by the end of training, applying DELETE unmasked produces similar outputs to the
training-faithful strategy of tiling the full input with random subsets and passing each
to DELETE.

Finally, real-time deployment requires selecting an inference stride, which deter-
mines DELETE’s computational load and output cadence. Strides shorter than the
6 ms context window yield overlapping predictions for each sample, which are averaged
at the cost of throughput. In Fig. 6.6F, output deviation from one-sample-stride
inference grows gradually as stride increases, while a 1 ms stride achieves real-time
throughput. For our analyses, we use a modest intermediate stride of 0.33 ms, balancing
output agreement and computational cost.

These analyses fix the configuration used in all real-data evaluations that follow: a
6 ms context, 0 = 100 4V injected noise, pretraining with per-dataset fine-tuning, and

a 0.33 ms inference stride.
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6.3.3 DELETE preserves artifact-free recordings
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Figure 6.7. DELETE preserves single-channel, population, and behavioral content
of non-stimulation electrophysiology. (A) Per-channel spike SNR with or without
DELETE preprocessing across three human BCI participants (P2-P4); SNR is preserved
(r =0.97). (B) Spike waveforms for the selected outlier channel from (A) under baseline
preprocessing and DELETE. DELETE largely retains waveform cluster identifiability but
shrinks amplitudes. Small waveform hash can be lost, while large waveforms are preserved in
count but can have diminished SNR. (C) Firing-rate traces and correlations for baseline vs
DELETE preprocessing for a representative low-SNR (SNR = 4.0, » = 0.30) and high-SNR
channel (SNR = 6.4, r = 0.94). The ticks at the top of each panel indicate spike crossing
times. DELETE preserves the timing of activity on high-quality channels. (D) Firing-rate
correlation (o = 10 ms) between baseline and DELETE preprocessing compared with channel
SNR; agreement saturates at ~ 0.9 for high-SNR channels, with disagreement confined to
low-SNR (noise-dominated) channels. The dark line traces the median firing-rate correlation
across channels within each baseline-SNR bin (bin width 0.25, pooled over participants; bins
with fewer than 10 channels omitted). (E) Power spectral density of Raw, LRR, DELETE,
300 Hz Butterworth High-Pass, and HP+Notch processing. DELETE can be interpreted
as a light high-pass combined with LRR spatial filtering. (F) Motor behavior decoding R?
(O’Doherty RTT [151]; n = 5 sessions) under Raw, LRR, and DELETE preprocessing; all
conditions share a band-pass filter and threshold-crossing spike detection. Bars show mean
decoding R?; error bars show standard deviation, and points show individual sessions.

DELETE assumes that artifact is the immediately and easily predictable content
of broadband data, but whether acting on this premise also hallucinates or degrades

neural data is an empirical question. To be thorough, we begin our analysis of real



CHAPTER 6. DELETE 88

neural data denoising by evaluating DELETE’s impact on relatively clean, artifact-free
recordings.

We demonstrate this with human baseline recordings and motor decoding datasets
in Fig. 6.7. We begin by examining DELETE’s impact on spikes extracted from each
channel of these baseline recordings. We process the data either with a standard
Butterworth high-pass filter alone, or with DELETE followed by the same filter.
In Fig. 6.7A, we observe that the per-channel spike SNR is largely preserved even
with DELETE preprocessing. However, preserved SNR does not establish that spike
waveforms and counts are unchanged. We therefore examine an outlier channel with
two distinct units in Fig. 6.7B. Here, DELETE clearly shrinks the amplitudes of
both units, even if on most channels the noise level is proportionally reduced to
preserve SNR. Although crossing counts are preserved exactly for the larger unit, this
shrinking causes us to lose many crossings for the near-hash unit. This attenuation
is consistent with the dependence of recovered spike amplitude on training-noise
amplitude (Fig. 6.6B). It is not clear whether the loss of such low-quality spikes is
significant for most applications.

Preserved waveform shape and SNR also leave open whether DELETE preserves
the timing of detected activity. In Fig. 6.7C, we show the firing rate traces for a high-
SNR and low-SNR channel before and after DELETE preprocessing. On the low-SNR
channel, crossing count is also low, and FR correlation is low because DELETE does
not preserve the crossings. For the high-SNR, high-firing channel, however, crossing
times are largely preserved. We summarize this in Fig. 6.7D by plotting the FR
correlation versus channel SNR. Consistent with the waveform analysis, firing rates
are preserved on high-SNR channels, with disagreement concentrated among low-SNR
channels.

DELETE is applied continuously through time and thus can be viewed as a filter
itself. To give a spectral characterization for DELETE, we compare its power spectral
density to reference methods on an example baseline recording in Fig. 6.7E. The filter
references use a second-order 300 Hz Butterworth high-pass filter, alone or followed
by notch filters at odd harmonics of 60 Hz. Compared to the high-pass filter alone,
DELETE has a much softer rolloff, and appears to have a “cutoft” at ~ 300 Hz,
consistent with DELETE’s short (6 ms) context window. The same recording also
contains visible line noise at odd harmonics of 60 Hz. It is tempting to consider

DELETE’s mitigation of this line noise as evidence that it behaves as a combination
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HP and notch filter, but we see that its suppression is very similar to that of LRR
applied to the same data. Consistent with its similarity to LRR established in
simulation (Section 6.3.1), DELETE behaves spectrally like a light high-pass combined
with LRR-style spatial filtering, removing shared or low-frequency structure and line
noise while preserving the spike band.

DELETE’s spatial filtering, prominent in its spectral characterization, raises the
possibility that we attenuate cross-correlated channels that fire together. We assess this
in a controlled simulation in Fig. D.1. There, we conclude that extremely synchronized
channels will be erased by DELETE, but slight stochasticity reduces this effect.
These results identify a potential cost of spatial filtering. To test whether DELETE
nevertheless preserves information useful for behavior decoding, we decode monkey
reach velocity in Fig. 6.7F. Specifically, we compare three preprocessing conditions—
Raw (no denoiser), LRR, and DELETE—each followed by the same high-pass filter
and threshold-crossing spike detection. LRR appears to occasionally degrade decoding
performance, but DELETE does not.

These analyses together show that, across single channel and population metrics,
in space and time, DELETE provides light-touch preprocessing that preserves the

vital content of non-artifacted recordings.

6.3.4 Evaluation of spike recovery in real-world ICMS datasets

Having characterized DELETE’s flexibility and reliability in simulation and baseline
datasets, we now evaluate DELETE on concurrent ICMS recordings. Instead of
simulating different artifact distributions, here we consider multiple ICMS protocols
and participants, reflecting challenging, real-world variability. The three protocols,
defined in Section 6.2.2 and shown in Fig. 6.3, span increasing artifact difficulty. Single
channel Fixed, the most common protocol for human BCI applications, induces the
simplest artifact profile: its peri-pulse average shows low variability across pulses,
and the acute artifact ends by 1 ms. In RAP, inter-pulse timings are variable and
potentially very short (4ms), accentuating nonlinear amplifier regimes. The resulting
traces show increased peri-pulse variability and do not relax to baseline, even on
non-stimulating electrodes. Multichannel Fixed contains the most severe artifacts,
from frequent amplifier saturation and hardware jitter.

On real-world data, we lack ground truth for evoked activity, so we rely on four
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Figure 6.8. DELETE recovers spiking activity with short latency after stimulation
across increasingly challenging real ICMS datasets. Each row pairs a metric’s definition
(left) with method performance across the three protocols (right). Points show performance
on individual datasets. In A, B, and D, bars show the mean across datasets and error bars
show one standard deviation; in C, horizontal lines show the median. (A) RMS Inflation:
peri-stimulation signal RMS relative to a pre-stimulation baseline after denoising, filtering,
and blanking. The gray span marks the fixed interval blanked around each stimulation
pulse. Peri-stimulation inflation is measured post-blank; the example channel shows 1.7x
peri-stimulation inflation over baseline. (B) Waveform R?: peri-stimulation spike waveforms
compared to pre-stimulation baseline templates, with four example channels spanning high
to failed recovery. The rightmost example shows a metric failure mode, as correlation can be
high if noise enters the pre-stimulation waveform pool. (C) Activity Synchrony: synchronous
population events per second. Synchrony is marked when more than 25% of the 32-channel
array is active in the same 0.03 ms sample. The examples show population rasters (top) and
the fraction of active channels per sample (bottom): periodic line-noise crossings produce
synchronous events at 17ms intervals (left), while stimulation-locked crossings produce
synchronous events immediately before the blanking windows (right). Sync rates are plotted
on a log-scaled axis, with zero at the axis floor. (D) Injection Recall: known spikes are
injected into the peri-stimulation window and recovery is measured in a second pipeline pass.
Raw recall saturates at a ceiling < 1.0 as we inject small spikes into noisy background.
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heuristic metrics defined in Section 6.2.4 and illustrated in Fig. 6.8A-D: RMS Inflation,
Waveform R?, Activity Synchrony, and Injection Recall. We report the performance
of DELETE against the baselines defined in Section 6.2.3. Template subtraction and
ERAASR are omitted on the RAP data as they require a fixed inter-pulse window to
estimate artifact.

By RMS Inflation, DELETE performs consistently across protocols, with its clearest
advantage on Multichannel Fixed data. All methods return near baseline RMS on
Single channel Fixed data, while on Multichannel Fixed data most baselines leave
substantial residual energy, with Template subtraction, Polynomial, and Poly LRR all
exceeding the plotted range. ERAASR and splines leave less, and DELETE the least,
though none returns fully to baseline. This is partially by design: DELETE is trained
to output injected noise of limited amplitude. Nonetheless, the large residual RMS
left by several baselines indicates substantial potential contamination of downstream
spike extraction.

Waveform R? provides a more mixed assessment. DELETE scores comparably to
existing methods on Single channel Fixed data, but trails some alternatives on RAP
and Multichannel Fixed data. Individual datasets show larger discrepancies, which
we examine in Section D.1.4. These examples show that lower waveform agreement
can reflect contamination of the baseline waveforms themselves. We therefore regard
waveform R? as a limited measure to be interpreted alongside the other metrics.

Activity Synchrony most clearly distinguishes DELETE’s consistency across
datasets. ERAASR and Poly LRR also achieve low synchrony on most datasets,
while Template subtraction, Polynomial, and Spline show occasional large failures,
indicating the value of using cross-channel context to remove shared contamination.
Yet among these spatial methods, DELETE alone maintains near-zero synchrony
across all three protocols (Fig. 6.8C).

Injection Recall is a relatively steady metric without drastic outliers. Most methods
perform similarly, with Template and Polynomial lagging on the Multichannel Fixed
data and DELETE and Splines showing a steady advantage on RAP data. DELETE
sits within the range of the baselines on Single channel Fixed data. The differences
between methods are smaller than those reported in similar analyses by Negri et al.
[246], Wang et al. [240]. We attribute this to the standard blanking in our pipeline,
which uniformly suppresses recall for all methods in the immediate post-pulse interval.

DELETE’s central advantage is its consistent performance across datasets, artifact
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profiles, and metrics. It generally matches the baselines on the simplest Single
channel Fixed protocol while remaining effective under the more challenging RAP and
multichannel artifact conditions. DELETE also gracefully integrates spatial context,
at least as well as a sequential LRR stage appended to Polynomial fitting. Nonetheless,
these comparisons still leave uncertainty about true denoising performance because
metrics are not grounded in external data. We therefore turn to a downstream task,

relating the recovered neural responses to ICMS detection behavior.

6.3.5 ICMS detection threshold correlation validates DELETE

denoising

ICMS in sensory cortex elicits perceptual responses, with a local activation mecha-
nism [258| that provides a unique opportunity to relate recovered neural activity to
perceptual reports. This approach has its own challenges: artifact can covary with
stimulation conditions that also affect behavior, and the local neural response need
not fully account for the perceptual report. However, recent work has built the case
that the local, intra-ICMS response in visual cortex does correlate with perceptual
decisions [80], encouraging our analogous analysis with somatosensory ICMS.

We thus collected detection datasets across stimulating electrodes and participants,
which use the simplest protocol, with amplitude and frequency fixed within each
train (Fig. 6.9A top). We supplemented some datasets with passive stimulation,
which putatively evokes a similar neural response as in the active detection task, but
takes less time and participant effort (Fig. 6.9A bottom). This passive paradigm
unfortunately reintroduces the secondary hardware transient which complicated the
RAP and Multichannel Fixed datasets. While the secondary transient likely degrades
potential downstream analysis, we treat it as representative of real-world nuisances
that flexible artifact mitigation methods should overcome.

We illustrate how DELETE does overcome this secondary transient more gracefully
than a polynomial estimator in Fig. 6.9B and C. The Detection raster plot shows
that both estimators recover similar peri-pulse responses in the simpler single blank
setting. Both estimators show increasing activity with stimulation amplitude, with
reliable responses shortly after the blanking window by 50 zA. The shown Passive
dataset sweeps a wider set of amplitudes, but only DELETE preserves this strong

response despite the secondary transient, with the estimators agreeing again only
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Figure 6.9. Denoising evoked activity from ICMS psychometric detection.
(A) Stimulus designs. In the 2AFC detection task, a 1s ICMS train is delivered in one of
two 1s intervals separated by a 1s inter-stimulus interval, and the participant reports which
interval contained the stimulus. Passive blocks deliver trains without a report, with 1s or
0.3s trains and matched inter-trial intervals. (B) Peri-pulse rasters of detected threshold
crossings on the stimulated array, aligned to pulse onset (red dashed) and sorted by stimula-
tion amplitude, under Polynomial and DELETE denoising (columns) for a detection and
a passive dataset (rows). Stimulation amplitudes span 8-54 pA in the detection example
and 2-80 uA in the passive example; raster labels indicate range endpoints rather than
individual tested levels (see Section 6.2.2 for amplitude sampling). Gray spans mark blanked
intervals: the fixed post-pulse window and, in the passive protocol, the secondary hardware
transient at 3.3 ms arising from the firmware it uses. (C) Trial- and population-averaged firing
rate over the stimulation train for the same datasets and denoisers, colored by stimulation
amplitude. (D) Population response against stimulation amplitude for one dataset under
four of the six denoisers (ERAASR and Polynomial omitted for legibility), each annotated
with rank correlation p between amplitude and response. Given the variable length trains
in our protocol (0.3 s and 1 s), we only analyzed the first 0.3 s from all trials. (E) The
same amplitude-response correlation for every denoising method and two controls across 35
electrode-days. Artifact P2P uses raw peak-to-peak artifact voltage; No-op uses blanking,
high-pass filtering, and threshold crossing without an artifact model. Bars show the mean
over electrode-days with standard error, and points are individual electrode-days. Arrows
mark electrode-days below the broken axis. (F) Neurometric vs psychometric threshold
under DELETE, one point per electrode-day (n = 35), with marker shape and color denoting
participant. (G) Correlation between neurometric and behavioral threshold for each denoising
method and the two controls in E, that is, the relationship in panel F recomputed per method.
Error bars are bootstrap confidence intervals across electrode-days; the denoiser scatters are
shown in Fig. D.5C.
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after about 5 ms post-pulse. The polynomial estimator, forced to fit the ~1 ms gap
between primary and secondary blanking, suppresses almost all potential activity.
This suppression is also clear in the trial-level, population-average PSTH (Fig. 6.9C),
where it compresses the range of recovered responses across the wider 2-80 A sweep.

Across stimulating electrodes and denoising estimators, we observe increasing
population response strength with stimulation amplitude, consistent with prior re-
ports [80, 247|. Fig. 6.9D shows this trend for one example. The response is graded
under every estimator, but several estimators spike irregularly. This likely reflects
inconsistent assessment of response strength across protocols, as seen in Fig. 6.9C. We
quantify this trend by the rank correlation between amplitude and recovered response
in Fig. 6.9E, which provides a simple metric we normatively expect to be high based on
monotonic recruitment shown in Sombeck et al. [247|. To this end, all methods report
high correlations, but DELETE, Template, and Poly LRR achieve significantly higher
correlations than the other denoising baselines (paired Wilcoxon tests, Holm-adjusted
p < 0.05, except Template versus Spline, p = 0.147). These estimators stand in
contrast to blanking and high-pass filtering without an artifact model (No-op), whose
weak amplitude ordering is consistent with sporadic artifactual threshold crossings
across stimulation amplitudes, contaminating the estimated response.

However, a smooth graded response curve is insufficient to distinguish denoisers
that mainly differ in depth of modulation. For example, a graded response can
arise trivially from artifact: raw peak-to-peak artifact voltage (Artifact P2P) has the
highest amplitude correlation of all conditions in Fig. 6.9E. We therefore ask whether
the denoisers preserve variation across stimulating electrodes that is relevant to the
downstream behavioral report of ICMS detection. Specifically, stimulation-evoked
neural activity can be used to define a meurometric threshold, which we compare
with the psychometric detection threshold. We construct the neurometric threshold
using an ideal-observer framework [257], measuring how reliably recovered activity
distinguishes stimulation from the no-stimulation reference. The threshold is the
amplitude at which this discriminability, quantified by AUROC, reaches 0.75 (Section
6.2.5; Fig. D.5A). Using the same criterion for neural discrimination and behavioral
detection allows us to compare their thresholds across stimulating electrodes.

We compare behavioral and neural thresholds under DELETE in Fig. 6.9F. Aggre-
gated across participants, we observe a moderate correlation (r = 0.57, p < 0.001),

consistent with Grani et al. [80]’s interpretation of the local neuronal response to ICMS
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as a neural correlate for behavior. Other denoising estimators also show significant
correlations (Fig. D.5C and Fig. 6.9G), whereas Artifact P2P and No-op show little
correspondence with behavioral threshold (r = —0.03 and 0.09, respectively). For
Artifact P2P, the artifact is already discriminable at the lowest delivered currents,
placing its estimated thresholds largely below the tested range. Paired bootstrap
comparisons, Holm-adjusted across seven contrasts, distinguish DELETE from Artifact
P2P (Ar = 0.60, p = 0.004), with No-op marginal (Ar = 0.48, p = 0.065), while differ-
ences among the denoising estimators are unresolved (p > 0.05). The correspondence
with behavior thus depends on artifact removal, and is not reproduced by the raw
artifact itself. DELETE’s strong correspondence with behavior provides convergent
evidence that it preserves behaviorally relevant response structure, consistent with its
robust performance across the metrics in Section 6.3.4.

Unlike the approximately matched thresholds of tuned neurons responding to
natural stimuli [257, 259|, the majority of our neural thresholds are lower than
their corresponding psychometric thresholds, placing them below unity, sometimes
substantially so. This directional offset is expected from the causal position of the
measured response. In natural sensation, behavior can pool information across a
population that is largely invisible to our current neural recordings. With ICMS, by
contrast, the locally evoked neural response is the majority root cause of the subsequent
perceptual report. To the extent that our recordings capture the relevant local state,
downstream readout may discard stimulus information but cannot create information
absent from that state. We therefore expect ICMS to become neurally discriminable
before it becomes reliably perceptible, and thresholds to order correspondingly. This
expectation can fail given our incomplete recording of the directly evoked response [258|,
and our scalar summary of what we can observe, but nonetheless suggests a likely
fallibility of estimates that place neurometric thresholds above psychometric thresholds.
Template subtraction and DELETE yield neurometric thresholds above psychometric
thresholds least often (3 and 4 of 35, respectively), compared with 14 for Poly
LRR (Fig. D.5C).

6.4 Discussion

Our ambition to understand the brain precisely depends on parsing the data we collect.

This requires separating neural signal from the myriad artifacts that contaminate raw
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sensor data. The literature is replete with rejection methods that perform well in their
motivating settings, but benchmarks continue to find simple baselines competitive
across varied settings [243, 240]. This tension implies a practical uncertainty: it
remains difficult to know if a method’s assumptions will remain appropriate for a new
artifact’s structure.

Here, we treat generality as an explicit design and evaluation objective. DELETE
pairs the simple principle of removing predictable structure with the expressive capacity
of a deep network. We evaluate this combination’s effectiveness with ground truth in
spatial and temporal artifact simulations, heuristic measures on real recordings that
mix multiple types of noise, and perceptual reports in ICMS-based detection data.
Across these evaluations, DELETE matches strong baselines in simpler settings while
recovering neural responses under more complex artifact structures that challenge
individual baselines. DELETE thus shifts the focus of artifact rejection from tuning
parametric forms to isolate specific noise sources to designing an encompassing input
context from which artifacts are predicted.

This flexibility comes with less interpretability than a polynomial fit, and further
risks removing valuable neural signal. Indeed, DELETE’s objective implies that
highly entrained neural responses should be removed along with artifact. This is a
fundamental limitation of the objective, however, and applies to prior linear methods
like ERAASR, as well. We replicate an analysis from O’Shea and Shenoy [251] in
Section D.1.1 showing that DELETE does not qualitatively increase suppression of
entrained neural responses beyond ERAASR.

In practical terms, DELETE follows an increasingly widespread deep learning
pipeline of pretraining and day-to-day adaptation. DELETE needs no privileged
inputs, using only the broadband data to be denoised in both training and deployment,
without annotation. Furthermore, DELETE is cheap to run, with a configurable stride
that can achieve real-time latency on a consumer GPU (NVIDIA 4090) with minimal
performance loss.

DELETE’s generality is likely to matter more over time, because stimulation itself
is becoming less stereotyped. As noted in Section 6.3.4, spatiotemporally patterned
stimulation is an active research direction, and such patterns are increasingly likely
to come from an optimizer rather than a pre-specified pulse train [260, 73]. Artifacts
generated this way inherit the variability of the patterns that produce them, and

are correspondingly poorly served by methods that assume stereotypy across pulses,
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channels, or trials. All of our evaluated methods struggled even with stimulation of
just four electrodes at fixed timing, suggesting that more complex patterns will pose
still greater challenges for artifact removal.

DELETE’s initial step towards generalized neural data preprocessing invites several
future directions. The most convincing confirmation of DELETE’s utility will be
through demonstrated benefits in downstream analysis. We take a first step in Section
6.3.5, where detection thresholds derived from DELETE’s recovered activity track
the participant’s own perceptual thresholds. However, this metric is rather coarse
for comparing denoisers. Future work should pursue more challenging and impactful
tasks, such as decoding rich perceptual reports or controlling ongoing activity, to
better evaluate preprocessing quality. Further, DELETE’s efficacy on real data has
only been established for recovering ICMS-evoked spiking activity. We have not
explored strategies to separate artifacts with different spatiotemporal extents, or to
recover different types of neural signal like LFP. Finally, developing DELETE into
an off-the-shelf foundation model would require scaled pretraining and evaluation.
Such a study would inform adoption procedure, like whether new subjects, studies,
or hardware would warrant expensive custom pretraining. Such work would likely
require a more standardized data ecosystem for artifact rejection, which is challenged
by the community’s diversity of stimulation hardware and protocols.

Separating signal from artifact will remain an evergreen challenge for scientific
analysis. DELETE replaces artifact-specific designs with one model to remove locally
predictable content. This simple and general approach is not behaviorally a large
change from familiar methods, but provides a framing that will become essential as

neuroscientific data collection grows in complexity and scale.



Chapter 7
Discussion

In closing, we revisit the works in this thesis, both to provide additional commentary
on their relationship with contemporary work and to highlight analyses that might
more tightly connect this thesis to the surrounding literature. We then discuss future
directions in closed-loop motor control and sensory stimulation before returning to

the broader motivation for modeling neural data at scale.

7.1 Summary

7.1.1 Spiking data spanning sessions, subjects, and tasks can

be pretrained over as one corpus

A basic requirement for pretraining is that transfer learning can occur between the
datasets to be pretrained on. The NDT2 study (Ch. 3) took dataset pairings previously
shown in the literature to share statistical structure, and measured a Transformer’s
ability to transfer learn between them. We showed that transfer learning was present,
scaled with the size of the source pretraining dataset, and was strongest when the
source and target datasets only varied in time as opposed to subject or task.
Regrettably, NDT2 did not connect pre-existing analytic characterizations of
dataset similarity (via canonical correlation analysis) [123, 124] to transfer learning
performance. As is, there is a discrepancy between the qualitative narrative of that
prior work, which claims near-equivalence of the top PCs of datasets across time and

subjects, and the unequal transfer learning performance shown in NDT2.

98
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7.1.2 BCI decoding needs more accessible benchmarks

FALCON (Ch. 4) is most interesting for its interface, which admits a high degree of
flexibility in potential submissions. Its released training dataset is designed to allow
methods that want to overcome session nonstationarities in unsupervised or supervised
manners, but usefully also supports comparison of putative foundation models. I hope
FALCON can serve as an analog of the GLUE benchmark [261] for the BCI community.
GLUE is a multi-task language benchmark that critically legitimized pretraining in
NLP. While BERT [130] posted dominant scores on GLUE to show the power of
Wikipedia-scale pretraining, NDT3 did not outperform NDT2 with FALCON-only
pretraining. As the broader neural foundation modeling community pushes ahead on
claims of benefits from scaling, FALCON provides a concrete venue to demonstrate
gains beyond those achieved by NDT3.

Advances in neural foundation modeling will require a maturing data ecosystem,
which ostensibly means pretraining corpora, codebases, and benchmarks. For neural
data, benchmarks are currently a particularly salient bottleneck. Codebase releases
for the sake of standardization and reproducibility will always remain useful, but their
value in reducing the barrier to entry may be less vital as coding Al is adopted. I
deem data releases less deserving of attention simply because public data releases
are already trending upwards, especially in animal neuroscience [233, 262-264, 106].
Moreover, data releases only weakly enforce the standardization that ML comparisons
require. Even in language modeling, large public data corpora are routinely filtered and
reprocessed to produce better pretraining [265-269]. There have been commendable
efforts to standardize preprocessing and evaluation in EEG and fMRI [183, 270], but
the breadth of data and tasks to standardize is large, leaving proper foundation model
assessment muddled [271].

Data ecosystem tooling is worth only the adoption it achieves, and FALCON
appears to be struggling on this end. Now two years post-release, there have only been
a handful of competitive submissions that have nudged numbers slightly on one track
or the other, compared to the contemporary Brain2Text benchmarks [272, 273]. While
B2T 2024 drew a level of interest and number of submissions similar to FALCON,
contemporary high-profile research articles on speech neuroprostheses and a move
of the evaluation platform from EvalAl to Kaggle led to orders of magnitude more
submissions to B2T 2025. The lesson from FALCON applies to the breadth of meta-

scientific work needed for foundation models: these tools earn their value through
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uptake, and thus maximizing adoption should be a first priority.

7.1.3 A baseline motor foundation model suggests limits to

scaling

Chapter 5 builds a pretraining corpus of thousands of hours, pretrains NDT3, and
evaluates it extensively. Our primary finding is that gains are restricted to low
downstream data scales. This must be reconciled with the field’s enthusiasm for
scaling to larger models and data. My resolution is that most other works evaluate at
lower downstream scales than NDT3, and so have not yet met the limit. Consider
three high-profile works: POYO+ [274], NEDS [275], and Wang et al. [276]. All claim
scaling gains, but all fine-tune below NDT3’s 90-minute limit: 20 minutes for POYO-+
(private correspondence) and 20 for NEDS (computed from released data and the
reported train split). Wang et al. [276] tunes on up to 76 minutes, the closest any comes
to testing the limit. The point is not exact numerical agreement with NDT3, but that
claims of scaling benefit must be situated against pragmatic downstream data scales.
In my mind, the implicit campaign promise of foundation models has been to enable a
qualitatively new level of BCI functionality. To meet that expectation, I would expect
foundation-model-enabled BCIs to improve on hundred-hour-plus subject-specific
models, which persons living with disabilities might readily accommodate to regain a
degree of independence. This bar has not been met yet.

Regardless of evaluation technicalities, the baseline expectation that neural foun-
dation modeling should at least somewhat succeed obliges us to ask whether NDT'3’s
limited scaling is fundamental or methodological. NDT3 draws two frequent critiques:
its pretraining data composition, and its naive patching tokenization. Indeed, NDT3’s
data is not particularly impressive, combining minimally curated experimental data
from several labs with a high volume of impoverished human calibration data that
inherently contains labeling errors. Minimal curation can only harm training, and is
likely unique to NDT3 among contemporary work. Wang et al. [276], for instance,
pretrains on a small (15-hour) but uniformly collected cohort of eight mice. Other
projects have typically used external releases from the Allen Institute or the Inter-
national Brain Laboratory [262, 263], and future industry models are likely to use
internally standardized data. Beyond low raw data quality control, NDT3 also uses

relatively mundane behavioral tasks, with many hours of center-out reaching trials.
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To this limitation, my instinct is that richer or ultimately naturalistic data, of, say,
unrestrained monkeys moving through rich habitats, would likely improve scaling
trends. Even still; it seems unlikely that the improvement could span the two orders
of magnitude between NDT3’s 90 minute pretraining-positive regime and the hundred
hour-data we’d realistically have for a single user.

NDT3'’s patch tokenization was chosen as a naive baseline that simplified technical
implementation. With coordinate annotations, the tokenization strategy should be
exactly as complete in the universal approximation sense as other approaches: per-
context adapter layers [87, 275, 276/, neuron-level embeddings [180, 274], or in-context
learned representations [277-280]. However, we showed that NDT3’s performance
degrades sharply under input coordinate shifting across patch boundaries, which must
be a unique limitation of the naive tokenization strategy. It remains to be seen whether
sensor coordinate variability is resolvable by these other strategies, which may incur
their own failure modes. Comparison of intracortical scaling against modalities with
more stable coordinate systems, like fMRI, should inform whether sensor variability is

a fundamental limitation for scaling.

7.1.4 Stimulation artifact can be mitigated by learned recon-

struction

Chapter 6 presents a new perspective on artifact rejection through surprisal. DELETE
is trained to reconstruct broadband recordings from local spatial and temporal context,
with the assumption that neural signal is harder to predict than artifact. It requires
no explicit targeting of artifact epochs. It matches the strongest baselines across
artifact simulations, preserves neural signal in stimulation-free recordings, and recovers
spiking activity within milliseconds of an electrical stimulation pulse. As the rest of
the thesis and broader field of neuroscience analyze the spiking activity downstream
of DELETE, DELETE’s major impact could be in a marginal increase in the quality
of a vast amount of raw neural data collection.

DELETE’s full realization requires progress in two directions. First, there should
be further validation that the recovered responses reflect neurophysiological truth, most
likely by a demonstrated gain in perceptual decoding performance from ICMS-evoked
responses |79]. For example, the intensity of an ICMS-evoked percept should likely be

best decoded when the putative response being decoded is most accurate. Second,
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DELETE requires technical maturation of its approach in the vein of Al systems
engineering. To apply DELETE online for real-time ICMS control experiments, we
would need to solidify its pretraining and continuous fine-tuning strategy, which may
be more challenging than the analogous system of linear regression reference fit over a

moving buffer [281].

7.2 Future directions

7.2.1 Closed-loop deployment

This thesis’ scope has largely been offline evaluation, but it is essential that claims on
the benefits of neural foundation models are grounded in improvements in online control.
High-degree-of-freedom control currently requires daily recalibration and frequent
experimenter intervention, and the calibration burden grows with dimensionality,
reaching roughly fifteen minutes for seven degrees of freedom [16] and twenty for
ten [36]. A minimal benefit of scaling neural foundation models should be to reduce
this calibration burden (whilst we are not in the multi-session, multi-hour data regime).

Translating offline prediction benefits to online control is, however, challenging,
as they are fundamentally distinct objectives. As we have seen in NDT3’s angular
generalization experiments, NDT3 excels at constraining its outputs to seen training
directions, at the cost of failing on unseen directions. In preliminary online cursor
control experiments, we find NDT3 performs equivalently to a linear baseline (OLE,
Fig. 7.1A-B), which suggests online control may be constrained more by label quality
than by model capacity. Indeed, all models are affected by insufficient labels from open-
loop calibration, which has motivated a number of closed-loop adaptation methods
based on providing label corrections during partial or full decoder-based BCI control [37,
212, 282, 283]. We observe that NDT and linear baselines alike improve with this
closed-loop adaptation in Fig. 7.1C, but to similar extents.

These observations motivate examining both the demands of the control task and
the learning signals used to train the decoder. First, we can attempt to identify a task
of sufficient complexity and difficulty that decoder performance does not saturate in
a short period of calibration (regardless of label noise). For instance, multi-session-
trained deep networks are necessary for the highest performance in most speech BCI

settings. Similarly, high-DoF motor control tasks that require tens of minutes of
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Figure 7.1. Pretrained and linear controllers are constrained by label quality. A.
OLE and NDT brain-control trajectories in one human participant. B. The largest NDT
model matches linear model performance for 2D cursor control when all models are trained
on an open-loop calibration block, for 3 participants (P2-P4). C. With closed-loop tuning,
control improves for both NDT and the linear baseline, to comparable extents.

calibration are more appropriate targets than two-dimensional cursor control. Second,
we should consider a curriculum which introduces less prescriptive learning signals
for the BCI controller. Speech BCIs benefit from using a Connectionist Temporal
Classification (CTC) loss function [284] to learn to transcribe speech without explicit
temporal alignment in its labels. In contrast, continuous movement BCIs assert
an inevitably incorrect precise movement vector at each time point. One potential
direction forward would be to transition BCI calibration from supervised learning to
reinforcement learning, where the BCI controller is optimized (in concert with the

user) to maximize control performance.
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7.2.2 Modeling and optimising the neural response to ICMS

An immediate and important synthesis of this thesis’ work on motor foundation
models and artifact rejection is a large-scale model of the neural response to ICMS.
Current practice for determining sensory BCI parameters is very time-consuming and
costly, as it involves testing different ICMS patterns and recording their perceptual
response [66, 65, 80]. Consequently, the design space of usable ICMS parameters is
highly constrained, and likely precludes the development of ICMS that can reliably
evoke more complex sensations. The resulting search burden is fairly intractable
so long as it depends on perceptual feedback, even e.g. with Bayesian stimulation
parameter optimization [285]. To unlock the wider potential of ICMS, we can leverage
the hypothesis of biomimicry [72], and optimize ICMS patterns to target neural
responses instead of perceptual responses. This produces two novel challenges: how to
learn models of the neural response to ICMS and models of the perceptual response
associated with a given pattern of neural activity. We focus on the former first, and
address the latter in Section 7.2.3.

Models of the neural response to ICMS may be much more tractable than their
perceptual counterparts, and have indeed already been demonstrated to control evoked
responses in visual cortex [79]. Their utility in the broader sensory BCI context
rests on two assumptions. First, we assume that the controllable variability of ICMS-
induced perception is appreciably large and mediated by the locally observed neural
response, which the spatiotemporal locality of the immediate response to ICMS makes
plausible [258]. This assumption makes modeling the neural response worthwhile in
the first place. Second, we assume that the response to passive, task-free stimulation
is related to the response during a functional task. This assumes a relatively minor
impact of top-down modulation on the population response in ICMS as we currently use
it, and is for example supported by observations that phosphene detection thresholds
are largely unchanged when a participant is mobile rather than seated [286], and more
directly by the finding that representations learned from spontaneous activity alone
support decoding of stimulation-evoked perception [287]. This assumption is vital, as
passive ICMS can be collected at volume with minimal burden on the user.

Even granted the ability to use passive ICMS, the stimulation parameter space is
exponential, so we would certainly need to account for data integrated across many
sessions. This research program of mapping the neural response to ICMS would likely

benefit from initial surveys of the relationship of responses across electrodes and
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stimulus classes. Eventually, a comprehensive ICMS response model could be built
through a model-driven active learning loop with batched updates from experimental

data, akin to the in silico loop of Ding et al. [112].

7.2.3 Somatosensory alignment

The ICMS response model does defer the burden of modeling perceptual responses,
which is ultimately the bottleneck of sensory BCI calibration. To address this, we
must seek an additional source of data to ground the mapping from neural activity to
reported percepts. Identifying responses for a given percept would not be particularly
challenging in an intact participant, as we would simply record the response to an
appropriate external stimulus. However, BCI participants typically receive their
devices due to impaired sensorimotor pathways, so we cannot generally rely on this
approach. Here, we propose two additional potential sources of information. First,
we can lean into the foundation model premise, and collect neural responses to a
wide variety of stimuli in intact individuals, such as primates. Although there will
inevitably be individual variability in the neural response and species-level distribution
shifts, our goal is not to eliminate the need for perceptual response collection, but
to minimize it. In this framing, the participant burden is minimized because we can
tune the response-behavior foundation model on a reduced set of participant-specific
perceptual reports, rather than building such a model from scratch.

Second, we can turn to the empirical alignment between task-optimized deep
networks and neural data, which has not yet been discussed in this thesis. Concretely,
there is a robust literature demonstrating that task-optimized deep networks predict
neural activity, most maturely in vision [288, 289, 190]|, but also in language [290, 108,
audition [291], and olfaction [292]. These same task-optimized networks can be tuned
on neural activity to produce better predictors of it, and the mapping so learned
transfers across participants [293, 294]. Compared head to head against networks
fit on neural data alone, the task-optimized prior network mainly buys neural data
efficiency rather than ultimate accuracy [295, 296], but this is suitable for our BCI use
case. The closest demonstration of task-optimized alignment for somatosensation is in
rodents, where networks trained to categorize simulated whisker input come to match
somatosensory cortex closely enough to saturate the explainable neural variance, with

alignment scaling linearly in task performance [297|. In principle, these task-driven
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networks provide a whole new source of priors separate from neural data for scaling

neural data foundation models.

7.3 Coda

Every work produced in this thesis was written with the premise that neural data
collection is growing to dizzying heights. Against this backdrop, the work here has
hinted at the value of scaling and clarified some of the major obstacles to realizing it,
giving us both reason to continue the program and a clearer sense of what it requires.
We should appreciate the particular coincidence that our ability to interrogate the
brain in new orders of magnitude of detail is proceeding in lockstep with deep learning’s
maturity as a commodity tool to index this new data. Moreover, there is much to
gain from productively modeling all this data, as the neural interfaces consequently
powered could potentially reshape how we understand ourselves and interact with the
world. We are thus Cartographers still, mildly chastened but better equipped to map

the most immaculate Empire of all.
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Supplement to Chapter 3 (NDT2)

A.1 Supplementary Material

A.1.1 Dataset Preparation

We aimed to perform minimal preprocessing on datasets. For pretraining, we do not
explicitly filter for successful trial outcome as done in some neuroscientific analyses
(though some datasets are released with erratic outcomes pre-filtered). Neither do we
(beyond what is provided directly in datasets) filter for cross-correlated channels or
low-firing neurons. We also do not z-score neuronal firing, both for simplicity and so
as to not remove any potential cross-channel /session information. The one exception
to this is that neurons with firing < 0.5Hz are removed in the sorted analysis of the
O’Doherty RTT dataset, to reduce the number of spatial channels below 288. As some
datasets report single unit activity and some report multi-unit activity, the dynamic
range of the input data varied by an order of magnitude, with baseline firing rates
varying between (0.1Hz to upwards of 50Hz. We believe additional data curation is
likely to improve model quality.

In total, the max number of pretraining trials or pseudo trials was on the order of
100K trials. Each trial lasted up to 2.5s (cropped or chunked if trials were longer),
and used all recorded M1 activity, and PMd activity if available.

Decoding targets were either in a standard unit or in z-scores against the dataset
mean and standard deviation (not a session specific z-score). Standard units of
meters/second were primarily used in most RTT analysis, except when preparing an

RTT /human BCI decoder, which used respective z-scores.
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Quantifying volume Should neural data pretraining proliferate, it will be important
to distinguish pretraining efforts by neural data volume. This is tricky as the most
pertinent unit of neural data seems likely to depend on the function of the neural data;
we are concerned comparisons on the convenient basis of time may lead to the illusion
of standardization. For example, some datasets may contain much more behavior than
others in the same time periods. This issue is still present, though less severe, if we
presume to only differentiate data up to orders of magnitude: compare experimental
behavior vs naturalistic behavior, which may have extended periods of rest. For now,
we see it reasonable to quantify the value of data in pretraining with respect to a
semantic units of covariate data (experimental trials), and encourage documentation
of pretraining composition.
Reaching datasets

e Neural Latents Benchmark motor datasets (MC_Maze, MC_Maze_small, MC_Maze_med,

MC_Maze_large, MC_RTT): ~3.7K trials.

e Churchland et al., obstacle-guided (maze) reaching, 2 monkeys, 9 sessions /
~20K trials.

e Nir-Even Chen et al., delayed reaching, 2 monkeys, 12 sessions / ~ 80K trials
total.

e O’'Doherty et al., self-paced reaching, 2 monkeys, 47 sessions / ~40K seconds
total.

Isometric manipulandum datasets

¢ Gallego-Carracedo et al., isometric center-out and hold, 2 monkeys, 12 sessions,
~2.7K trials total.

e Dyer et al., 2 monkeys (same as above), 4 sessions/~750 trials total.

Human BCI datasets [Private]
¢ Human participant data from ongoing clinical trials. Subsetted to 2D cursor
control activity, either under observation/attempted activity, partial, or full BCI
control. During observation, participants observe a programmatically controlled
cursors, which e.g. is performing center out at a steady pace in a trialized fashion.

130K trials. Note only observation trials are used for evaluating decoding.


https://neurallatents.github.io/
https://dandiarchive.org/dandiset/000070/
https://dandiarchive.org/dandiset/000121
https://zenodo.org/record/3854034
https://elifesciences.org/articles/73155
https://www.google.com/search?q=cryptographic+dyer
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A.1.2 DMethods for online cursor control experiments

We evaluate realtime, online cursor control using a simple Center-Out reaching task.
This is a trialized task where the cursor initializes on the center of a screen and the
participant reaches to 1 of 8 radially spaced target that was cued at the start of the
trial. The trial ends after the cursor is held at the target for 0.25s (preventing fly-bys
from ending the trial). During open-loop calibration, the cursor is autopiloted to
the target. Velocity labels are produced by assuming that the participant’s intention
matches the autopilot presentation. Specifically: we take the velocity of the cursor on
the screen and apply a boxcar filter of 500ms to remove nonsmooth rendering, using
the smoothed result as our velocity label. To span more reach conditions, we use
an open-loop calibration that does not reset the cursor at the center after each trial,
but instead immediately presents the next target. Our unsupervised tuning uses the
neural data, but not the labels, collected in the same open loop calibration.

After each of 8 decoders (0-shot and supervised for OLE, 0-shot; supervised and
unsupervised for 2 NDT models) are prepared, we evaluate each decoder in a block
of 40 trials. Evaluation blocks proceed without randomization (OLE always began
evaluation as it is the fastest to prepare); our results may advantage earlier decoders

due to participant fatigue which accumulates over the session.

A.1.3 Compute and Hyperparameter Tuning

The full, uncurated logs of all model training are available at https://wandb.ai/joelye9/context general |
joelye9; interested users may compare specific hyperparameters logged there against
those in the codebase during reproduction attempts.
Basic hyperparameters
1. In both pretraining and fine-tuning, we scale batch size (accumulating batches

or using multi-GPU training when necessary) to be roughly proportional to full

dataset so that each epoch requires 10-100 steps; we find performance is not too

sensitive to batch size within an order of magnitude of this heuristic (especially

in pretraining).

2. In pretraining we manually tuned LR to 5e — 4 in initial experiments and hold
it fairly constant in pretraining. We swept learning rate in our hyperparameter

comparisons below.


https://wandb.ai/joelye9/context_general_bci?workspace=user-joelye9
https://wandb.ai/joelye9/context_general_bci?workspace=user-joelye9
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3. In pretraining, we use learning rate warm-up for 100 epochs, and decay to € by

2500 epochs. This is a high threshold that is typically not reached: training
converges within 100-1K epochs for our manually tuned LR. In fine-tuning, we
experimented with similar ramping schedule but settled on fixed small LR (which

are typically grid-searched).
For RTT, we swept and found that a decoding lag of 120ms worked reasonably

well. (This is similar to reports in [127]. For human BCI, we do not use decoding

lag.

For human offline evaluation, we take the best of two evaluation hyperparameter
settings: 10% or 50% masking during target-session tuning. We also report the
R? only for times where the intent is non-zero; participants are not typically
perfectly zero-intent during the majority of non-zero phases (i.e. data are noisy).
We do not filter data by putative quality as measured by online performance
in the experiment in which the data was collected; thus our calibration data
includes several noisy, incomplete trials as well. Evaluation data are restricted

to a contiguous set of sessions with non-trivial linear decoding.

6. Hyperparameters were not swept further during realtime pilots.

Compute costs We estimate computational costs with respect to data volume, as

model size is held relatively static (6-12 layers, 128-384 hidden size). Most analysis
was run on SLURM clusters. Pilot realtime decoding used an NVIDIA 1060/2060,

where loop time was <15ms (neural data was binned at 20ms). Model tuning was

performed on a remote server and took <5 minutes.

1.

Fitting datasets on the order of 1K trials typically requires 20m-1hr on 12G
1080/2080-series NVIDIA GPUs.

10K-20K trial datasets require 2-8 32G-V100 hours.
100K+ datasets require 72 80G-A100 hours.

A.1.4 NDT2 Design Notes

NDT2 introduces two primary design elements: context tokens, and patch size. We

first consider the effect of context tokens. NDT2 integrates context tokens directly

by adding learned tokens and adding them to the data token sequence (i.e. in-

context aggregation). Our pilot experiments found no difference using cross-attention
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Figure A.1. Context embedding ablations. A. Multi-session model training curves,
with varying session context token count (3 seeds). Learning is improved, but additional
tokens do not have notable effect. The converged score in only modestly affected. B. Subject
transfer training curves with similarly varied token budget for subject embedding. Models
receive 1 session token. There is no clear additional improvement nor harm.

integration. The training curves of sorted multisession models augmented with context
tokens, shown in Fig. A.1A, demonstrate a primary effect in speeding convergence,
which can be valuable in large scale pretraining. The benefit to converged NLL (some
le — 3) is modest but non-negligible, considering the NLL resolution in Fig. 3.3. This
trend replicates at smaller data scales (Fig. A.6). Providing one session token and
additionally varying the available subject tokens (Fig. A.1B) has much smaller effects.
However, given no harm and negligible compute overhead, we hold as a default policy
to provide one token for each of session, subject, and task.

Patch size is a less intuitive hyperparameter in NDT2 than in a similar architecture
in the image domain, ViT. This is because units within a patch are not meaningfully
related, especially across datasets; adjacent units often correspond to different physical
locations on an electrode array, and this physical meaning is typically underspecified
in open data releases. Smaller patch sizes, ideally at the single neuron level, thus
appear to be a better design.

However, in early experiments we explored patch size but quickly found a tradeoff.
Smaller patch sizes do appear to incrementally improve neural data models, but are
both more expensive computationally (to train) and statistically (to learn decoders
off of). We show this in Fig. A.2. Note how the unsupervised NLL is similar or better
with smaller patches, but decoding is dramatically worse, regardless of whether we
mean pool across the population at each timestep (Pool) or not. Smaller patches may

be worth revisiting if we have a high amount of supervised data to train the decoder.
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Figure A.2. 32-neuron patches compared against 8-neuron patches. Smaller patches
sometimes improve NLL but reliably decode more poorly. (Pool)-ed models average-pool
all the neural data features for a given timestep before being given to the decoder, whereas
regular decoders simply cross-attend all neural data features.

Architectural details. We refer readers to the codebase for full details, but provide
an overview here. For each patch, NDT2 linearly projects input spike counts and
concatenates these projections to form the patch embedding, zero-padding if the
patch isn’t full. Input spikes pass through Transformer encoder and decoder layers,
and the final layer’s output is then linearly projected to predict Poisson rates or
effector velocity. NDT2 used pre-normalization layers but otherwise leave the Pytorch
implementation of the Transformer layers untouched.

HP Sweeps.

We briefly show that NDT2 achieves higher performances than comparisons when
sweeping across dropout ([0.1,0.4]), weight decay ([le — 3,5e — 2], and hidden size
(128,256). NDT2 does have higher variance, but the main sensitivity is to dropout.
We run this sweep and test evaluation in one training stage, Our base NDT2 uses
dropout 0.1, hidden size 256, weight decay le — 2. In the code, this experiment is

configured in exp/arch/tune_hp, exp/arch/tune_hp_unsort.

Mask Ratio.

We do not widely explore mask ratios due to compute constraints. In pilots throughout,
we do not find that decoding is too sensitive to mask ratio (e.g. Fig. A.4), but
reconstruction quality is hard to compare as the inference problem depends on the

masking ratio itself. The reasonable effectiveness of high mask ratios is consistent
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Figure A.3. Sweeps for regularization parameters. NDT2 requires lower dropout.

with general observations of low dimensionality and high redundancy in the code,

compared to say, language [298].

A.1.5 Additional exploratory experiments

Stitching design Our stitching implementation randomly intializes a linear readin
and readout linear layer. For ease of implementation, we stitch at the output of
the network encoder rather than the output of the decoder (the linear-exponential
readout layer comes after per-context stitch layer). In unreported pilots, we find
stitching into compressed dimensions (e.g. half of readin channels) to reduce the
context-specific parameter count, or only including stitching at the readin or readout
made no significant difference.

Kinematic decoder design There are three straightforward strategies for building
a kinematic decoder with NDT2. In keeping with NLB, we could learn a linear probe

on representations at each timestep, or we could use a thin Transformer decoder to
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Figure A.4. Mask ratios over 5 datasets. At test time, the given ratio is held out during
unsupervised evaluation.

allow information from multiple timesteps to aid the prediction. We experimented
with both and chose the latter for minor gains. For simplicity, we run the Transformer
decoder in one forward pass for all timesteps, i.e. there is no autoregressive feedback
of previous kinematic estimates. We find that cross-attention for decoding queries
slightly edges out in-context attention on the higher ends of the pretraining data scales
we explore (e.g. 100K), and report with that setting. The primary difference is that
cross-attention restricts neural data tokens from attending to the kinematic query
tokens, while in-context strategies do not distinguish the two. For decoding probes,
where the decoder is prepared on only a few hundred trials, we find it beneficial to
mean-pool neural data tokens per timestep, and still use in-context attention (linear

decoding directly works similarly).

A.1.6 Single-session breakdown of experimental results

Single-session variability We break open the aggregate results from our primary
result figures. The primary takeaways are elaborated in each caption. Overall, we
note that single datasets are insufficient to make conclusions on design choices given

variability in results.
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Figure A.6. Session context tokens improve learning, as measured by unsupervised loss in
model training curves, though the majority of benefit of realized with 1 token. We compare
this for three data scales, annotated by S, where we scale the number of trials available per
session. (The increments were 100%, 25%, and 6.25% of the data). We hypothesized that
more data per session would make session tokens less relevant, but the primary effect of
increasing convergence appears unchanged at these scales.
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Figure A.7. Individual dataset results for three scaling analyses. We presented the largest
middle session in the primary text, here we also show results on the first and final sessions
in the dataset. The unsupervised and supervised transfer scaling reiterate the previous
conclusions: cross-subject and task transfer provides low returns on scaling for unsupervised
reconstruction, and decoding results are much more optimistic than unsupervised results. For

convergence analysis (Pretrain-positive regimes), all three trend lines suggest convergence
beyond 1K trials.
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Supplement to Chapter 4 (FALCON)

B.1 Supplementary Material

B.1.1 Computational Resources

EvalAl is a platform that allows users to host and participate in Al challenges. It
provides a simple interface for the participants to submit their solutions and for the
challenge organizers to evaluate them. The link to our FALCON EvalAl page can be
found on our challenge website: https://snel-repo.github.io/falcon/

For the FALCON challenge, we provide a container-based image evaluation in-
frastructure within EvalAl. This environment is primarily based on AWS Elastic
Kubernetes Service (Kubernetes Cluster service) but also uses other AWS services
like Elastic File System (EFS) to store the ground-truth dataset file(s) on which the
evaluation is to be performed. The EFS file system is mounted on the AWS Elastic
Compute Cloud (EC2) instance inside the EKS cluster, so the dataset file(s) can be
accessed for evaluation.

Once the challenge’s participant submits a solution (model) through the EvalAl
platform by pushing a Docker container image, an EvalAl agent publishes the solution
to the AWS Elastic Container Registry (ECR). The EKS cluster has a single EC2
instance server with pre-defined resources (CPU, memory, storage) which pulls the
Docker container image and runs the evaluation script on the submitted solution. The
evaluation script is responsible for evaluating the submitted solution and providing
a score based on the evaluation criteria. The score is then sent back to the EvalAl

platform to report leaderboard metrics.
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The EC2 instance type is g4dn.4xlarge which has 16 vCPUs, 64 GiB of memory, 1
NVIDIA T4 GPU, and 100 GB of storage. This configuration is sufficient to run the
evaluation script on the submitted baseline solutions for the FALCON challenge. EC2
G4dn instances are created to help accelerate machine learning inference and graphics

intensive workloads.

B.1.2 Interpretation of FALCON Metrics

One goal of the FALCON benchmark is to standardize the metrics used for evaluation
of stable decoding performance for each task. As the decoded outputs are very distinct
in nature, different metrics were selected for tasks in each domain, each of which is
representative of the most widely used metric in each field. As with all benchmarks,
metrics should be interpreted with care, as these metrics alone do not necessarily
capture all properties of a predicted output. R? has a convenient maximum at 1, but
can be arbitrarily negative if the predictions contain more variance than the ground
truth variable. R? also heavily penalizes predictions that are shifted from the expected
center point. WER does not account for how close a given prediction is to the intended
word and may overly penalize predictions that are only incorrect by a few characters.
MSE can occupy unbounded ranges (i.e., [0, 00)) that can be difficult to contextualize
without other relative values. Hence, while models that demonstrate gains in the
FALCON metrics will certainly show improved predictions, a poor-scoring model may
not necessarily have unreasonable outputs. We recommend visualizing predictions to
add additional context to FALCON scores.

B.1.3 Datasets

FALCON datasets come from multiple labs and were often collected as parts of larger
experiments. Thus, some datasets included in FALCON may share subject and task
with other publicly available data, but we ensure that any such releases exclude the
specific held-out sessions used in FALCON.

Data format

All datasets were formatted according to the Neurodata Without Borders (NWB)
standard for neurophysiological data. NWB provides open-source Python and Matlab
APIs for reading formatted datasets (https://github.com/NeurodataWithoutBorders).
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The data format builds upon HDF5 and can also be read using any package in any
programming language that can access typical HDF5 files. Additionally, FALCON
releases a code package that facilitates reading from and analyzing the converted
NWB files (https://github.com/snel-repo/falcon-challenge).

Data hosting and licensing

Datasets are hosted on the Distributed Archives for Neurophysiology Data Integration
(DANDI), a platform specifically designed for publishing and sharing neurophysiological
data. DANDI generates metadata and identifiers for all uploaded datasets. The
datasets we have released on DANDI are distributed under a Creative Commons
Attribution 4.0 International license. The authors bear all responsibility in case of
violations of rights. The FALCON datasets can be found at the following links:

® M1-A - https://dandiarchive.org/dandiset/000941
® M1-B - https://dandiarchive.org/dandiset/001209
® M2- https://dandiarchive.org/dandiset/000953
® H1- https://dandiarchive.org/dandiset/000954
® H2- https://dandiarchive.org/dandiset/000950

® Bi1- https://dandiarchive.org/dandiset/001046

Dataset documentation - M1

General description This dataset contains unsorted spike times and electromyog-
raphy (EMG) data from two macaques performing a reach and grasp task. Neural
activity was recorded from Floating Microelectrode Arrays (FMAs; Microprobes)
implanted in the motor cortex (M1). EMG was recorded from 16 muscles of the right
hand and upper extremity. EMG electrodes were comprised of 32-gauge, Teflon-coated,
multi-stranded, stainless steel wire. They were implanted in bipolar pairs, separated by
5-10mm along the axis of the muscle. Muscle targeting and separation were performed
as described in [299]. Wires were tunneled subcutaneously to exit the skin of the back
at the midline in four separate bundles. Each bundle ended in a separate connector
sewn into the back of a jacket worn by the monkey.

Our release of M1-A consists of 4 held-in datasets spanning 5 days, each with 53-61

minutes of calibration data, and 3 held-out datasets spanning 21 days, which have
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only 1.1-2.2 minutes of calibration data available. We also release a second monkey,
M1-B, for which there are 4 held-in datasets spanning 7 days (with 52-60 minutes of
calibration data each) and 4 held-out datasets spanning 7 days (with 0.9-1.3 minutes

of calibration data).

Source This dataset was collected by Adam G. Rouse with the support of Marc
Schieber. The data was collected for the purpose of to dissociating the effects of location
and object during reach-to-grasp behaviors. The experiment and data collection is
described and features in a number of papers, including [199-202]. The dataset
creators have granted permission to use and distribute the dataset sessions as part of
the benchmark.

Intended use This dataset has been curated for evaluating stable decoding ap-
proaches as part of the FALCON benchmark. Muscle activations are a target for
iBCIs through functional electrical stimulation [204] and are important scientifically
for motor control as they are the direct output of commands sent from the central
nervous system. The dataset is available on DANDI to allow others to evaluate their

approaches on the data.

Experimental design The experimental task is to reach to, grasp, and manipulate
4 different objects at 8 different locations, arranged in a center-out fashion. The 4
objects are separated by 45 degrees with a fifth object in the middle. The center
object is a coaxial cylinder, and the four peripheral (target) objects include: a button
mounted inside a tube, a sphere, a perpendicular cylinder, and a coaxial cylinder
identical to the center object. The trained manipulation schemes are as follows:
cylinders are pulled towards the subject, the button is pushed, and the sphere is
rotated 45 degrees.

The objects are arranged in a fixed order (perpendicular cylinder, coaxial cylinder,
button, sphere) spanning 135 degrees of a circle. Objects were rotated to one of eight
orientations in 22.5 degree increments (some positions excluded due to biomechanical
or visual constraints). This leads to a total of 8 possible locations per object. Trials
begin with the monkey pulling on the center cylinder and holding for 1500-2000ms.
A blue light cues a pheripheral object, which the monkey needs to reach to, grasp,

and manipulate. For a trial to be successful, the monkey complete these interactions
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with the cued object within 1000ms and hold the object in the manipulated state for
1000ms.

Data collection methods The dataset contains neural activity of two rhesus
monkeys implanted with 6 FMAs, 16 channels each, electrodes of length 1.5-8mm. We
focus on 4 of these arrays (H, I, J, and K) placed in primary motor cortex (m1l) that
were consistently recorded from throughout the duration of this dataset. Recordings
were sampled at 30kHz. Thresholds to extract spiking data were manually set for each
channel and may vary from session to session. Intramuscular EMG was recorded from
16 muscles including: anterior deltoid (DLTa), posterior deltoid (DLTp), pectoralis
major (PECmaj), short head of biceps (BCPs), lateral head of triceps (TCPlat), flexor
carpi radialis (FCR), flexor carpi ulnaris (FCU), extensor carpi radialis brevis (ECRB),
extensor carpi ulnaris (ECU), radial and ulnar flexor digitorum profundus (FDPr,
FDPu), abductor pollicis longus (APL), extensor digitorum communis (EDC), thenar
muscle group (Thenar), first dorsal interosseus (FDI), and hypothenar muscle group
(Hypoth).

Processing For all sessions, thresholds crossings were computed in 20ms bins. We
apply a standard set of preprocessing for the EMG data decoding target as follows:
notch filter the signal at 60Hz and harmonics to remove line noise, high pass filter
(acausal Butterworth filter, 4th order) with a 65Hz cutoff, rectify the resulting signal,
clip the signal at the 99th quantile, scale the signal at the 95th quantile, resample to
50Hz, rectify again, and finally low pass filter (acausal Butterworth filter, 4th order)
with a cutoff of 10Hz. In both held-in and held-out files, the last 40% of the data was
reserved for evaluation. Remaining data is released for held-in sessions for calibration.

Ten trials were released for each held-out calibration set.

Dataset documentation - M2

General description This dataset contains unsorted spike times and finger kine-
matics from a macaque performing an individuated finger control task. Neural activity
was recorded from precentral gyrus. Finger position and finger velocity were also
recorded.

M2 includes 4 held-in datasets over 10 days, with between 5.9-13.3 minutes of

calibration data per session available, and 4 held-out datasets over 26 days with
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between 0.8-1.7 minutes of calibration data provided.

Source This dataset was collected by Samuel R. Nason-Tomaszewski, Matthew J.
Mender, and Cynthia A. Chestek at the University of Michigan. The data was collected
to study closed-loop individuated finger control with an iBCI. The experiment and
data collection are discussed in [205|. The dataset creators have granted permission

to use and distribute the dataset sessions as part of this benchmark.

Intended use This dataset has been curated for evaluating stable decoding ap-
proaches as part of the FALCON benchmark. Dexterous hand control is an important
behavior that iBClIs aim to restore, and robust decoding approaches that work well
with individuated finger movement behaviors may aid in this endeavor. The dataset

is available on DANDI to allow others to evaluate their approaches on the data.

Experimental design The monkey is shown a virtual hand whose finger state
mirrors that of a manipulandum. The manipulandum was designed to measure the
monkey’s finger state. Only two independent degrees of freedom are allowed in the
manipulandum - the index finger and MRS group, which bundles middle, ring, and
small fingers.

In trials, the monkey is shown visual cues (colored dots) to indicate a target finger
state, and the monkey moves their fingers to the cued positions. The visual cues are
colored corresponding to the colors of the fingers, indicating which finger group should
be moved to each target. The monkey is trained to proficiency, and each trial is on
the order of a second.

The finger and target positions are bounded to the range [0, 1|, where 0 represents
full extension of the finger group, and 1 represents full flexion of the finger group. The
task begins with both targets at a central position (0.5), and the targets return to the
central position every other trial (i.e. a typical center-out-and-back task paradigm).
In between central targets, the task randomly selects from a set of target positions
that moves one or both groups of fingers away from the central position. Whether one
or both groups of fingers moves in a given trial is randomly selected, and the distance
to which each group moves is also randomly selected (£0.2, £0.3, or £0.4 from the
central position). For trials in which both finger groups are instructed to move from

the central position, the magnitude of instructed movement for both finger groups is
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always equal, but the direction of movement is not always the same. There are no
trials in which one group was instructed to move to +0.4 and the other group was

instructed to move to -0.4 due to the difficulty in separating fingers that far.

Data collection methods The M2 dataset contains neural activity of a rhesus
macaque with two 64-channel Utah microelectrode arrays placed in the precentral
gyrus, of which 96 channels are are provided. Recordings were originally sampled at
30kHz. Finger positions and velocities were recorded at 1kHz using actuator velocities

measured by the manipulandum.

Processing For all sessions, we release threshold crossings in 20ms bins. We similarly
resample the finger kinematics to 50Hz for consistency. In both held-in and held-out
sessions, the last 40% of the trials were reserved for evaluation splits. The preceding
60% of held-in session data is released for calibration. For held-out sessions, the first

10% of each session is released as the calibration split.

Dataset documentation - Hi

General description This dataset contains unsorted spike times and robotic ac-
tuator kinematics from a human iBCI participant during an open-loop attempted
reach-to-grasp task. Neural activity was recorded from motor cortex. Behavioral
covariates include the 7-degree-of-freedom kinematics corresponding to each cue. The
7 degrees of freedom are: 3 dimensions of translation, 1 dimension of rotation (roll),
and 3 dimensions for grasp shaping. The grasp shaping dimensions are: pinching
(flexion and extension of thumb/index/ring finger), scooping (flexion and extension of
ring and pinky finger), and thumb abduction.

H1 consists of 6 held-in sessions over 20 days (5-9 minutes of calibration data each)

and 7 held-out sessions over 15 days (1.5-1.8 minutes of calibration data provided).

Source This data was collected by Sharlene Flesher, John Downey, Jennifer L.
Collinger, and Robert A. Gaunt at the University of Pittsburgh as part of a clinical
trial of iBCIs for sensorimotor control. The experiment and data collection protocol
are described in [16, 36, 22|. Participant and date-time information have been
obfuscated for deidentification. This data was collected under an Investigational

Device Exemption from the U.S. Food and Drug Administration and is registered at
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ClinicalTrials.gov (NCT01894802). The study was also approved by the Institutional
Review Boards at the University of Pittsburgh and the Space and Naval Warfare
Systems Center Pacific. Informed consent was obtained before any study procedures
were conducted and included permission for data sharing. Dataset collectors granted

their permission to use and distribute these sessions as part of this benchmark.

Intended use This data has been curated for evaluating stable decoding approaches
as part of the FALCON benchmark. The H1 dataset provides an example of a high
degree-of-freedom behavior, which may pose specific challenges to robust decoding
approaches. The dataset is available on DANDI to allow others to evaluate their

approaches on the data.

Experimental design As this is an open loop task, the participant is asked to
attempt to perform a movement cued with a virtual arm. The virtual arm movement
occurs in phases: reach, grasp, carry, release. Each phase begins with a presentation
of a combined visual and word cue for a particular movement, so the participant
can prepare an imagined movement, and an another cue to execute the imagined
movement. The participant has had practice following these cues to calibrate similar

decoders before this dataset was collected.

Data collection methods Neural data was collected at 30kHz from two Utah

arrays placed in the hand and arm region of motor cortex.

Processing For all sessions, we preprocess the neural data into 20ms bins. Robotic
arm and hand kinematics were also downsampled to 50Hz to be consistent with the
neural data. For both held-in and held-out sessions, we reserve the last 20% of each
file for evaluation. All remaining data is released for held-in sessions, to be used for
calibration. The first 20% of each file is released for each held-out session as the

calibration split.

Dataset documentation - H2

General description H2 contains unsorted spike times and sentence prompts from
a of a BrainGate2 pilot clinical trial participant (referred as T5) during an open-loop

attempted handwriting task. Neural activity was recorded from the hand “knob” area
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of arrays placed in the precentral gyrus. Behavioral covariates for this task are not
continuous but rather the cued sentence for each trial.
H2 consists of 21 held-in sessions over 287 days (7-45 minutes of calibration data

each) and 5 held-out sessions over 176 days (1-2 minutes of calibration data provided).

Source This data was collected by Chaofei Fan, Leigh R. Hochberg, and Jaimie M.
Henderson at Stanford University as part of the BrainGate2 Neural Interface System
clinical trial (ClinicalTrials.gov Identifier: NCT00912041, registered June 3, 2009) on
iBCIs. The experiment and data collection protocol are described in [135, 178]. This
pilot clinical trial was approved under an Investigational Device Exemption (IDE) by
the US Food and Drug Administration (Investigational Device Exemption G090003).
Permission was also granted by the Institutional Review Boards of Stanford University
(protocol 20804). Informed consent was obtained prior to any study procedures being
conducted. Dataset collectors granted their permission to use and distribute these

sessions as part of this benchmark.

Intended use This dataset has been curated for evaluating stable decoding ap-
proaches as part of the FALCON benchmark. Restoring communication is a primary
high-level goal of iBCIs, and the handwriting task is a prime example of a brain-to-text
decoding scheme that is appropriate for participants with arrays placed in motor areas.
The dataset is available on DANDI to allow others to evaluate their approaches on
this data.

Experimental design On each trial, T5 was prompted to copy a cued sentence by
writing individual characters (26 English letters, 4 punctuations, and a special ">"
character to represent space). Th was instructed to attempt to write as if his hand
were not paralysed, while imagining that he was holding a pen on a piece of ruled
paper. Each trial has a fixed-length delay period and a variable-length go period.
During the delay period, T5 reads the cued sentence. Once the go cue is on, TH starts
to copy the sentence letter by letter and uses a verbal cue to indicate he has finished
copying. In each session, both open-loop and “pseudo-closed-loop” trials were collected.
In open-loop trials, the participant only sees the cued sentence; in pseudo-closed-loop

trials, the real-time decoded letters are shown.
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Data collection methods Data was collected from two 96-channel intracortical
Utah arrays placed in the hand “knob” area of the participant’s left hemisphere

precentral gyrus. Original neural recordings were collected at 30kHz.

Processing For all sessions, neural data was binned at 20ms. We provide only data
from within each trial period, as inter-trial time could be long and lead to unnecessarily
large data files. Each trial is accompanied by the cued sentence. For both held-in and
held-out sessions, 40% of the trials are reserved for evaluation. For held-in sessions,
remaining trials are released for calibration. For held-out sessions, only 3 trials are

released for few-shot calibration.

Dataset documentation - B1

General description The B1 dataset contains unsorted spike times, audio recordings,
and audio spectrograms from a zebra finch songbird during natural vocal behavior.
Neural activity was recorded using Neuropixels 1.0 probes from the motor region robust
nucleus of the arcopallium (RA). The dataset includes a precomputed spectrogram
derived from the recorded amplitude waveform corresponding to each vocal epoch,
which constitutes the decoding target for this dataset. Due to the inherent non-
determinism in spectrogram computation, we include the computational function used
to derive the spectrograms. Additionally, the raw amplitude waveform is available
for use in decoding strategies that might prefer it as a target before conversion to
spectrogram form.

B1 consists of 3 held-in sessions corresponding to 3 consecutive days of recordings,
with 7-26 seconds of calibration data per session available, and 3 held-out sessions
recorded over the following 6 days, with 2.7 seconds of calibration data per session

provided.

Source This dataset was collected by Pablo Tostado-Marcos, Ezequiel Matias
Arneodo, Timothy Q. Gentner, and Vikash Gilja. The original experiment and
procedures are described in [209]. Data collectors granted their permission to use

and distribute these data as part of this benchmark.

Intended use This dataset has been curated for evaluating stable decoding ap-
proaches as part of the FALCON benchmark. The dataset offers an alternative to
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brain-to-text iBCIs by focusing on the direct reconstruction of audio spectrograms from
neural signals, thereby encouraging decoding approaches that preserve the prosodic
elements of vocal behavior. The B1 dataset proposes the songbird model as a proxy for
human vocalization, supporting the development of neuroprostheses aimed at restoring
communication capabilities and advancing stable-decoding methods. This dataset is

available on DANDI to allow others to evaluate their approaches on these data.

Experimental design An adult, male zebra finch songbird was implanted with
a single high-density Neuropixels 1.0 probe targeting the telencephalic motor region
RA in the right brain hemisphere. Simultaneous neural and behavioral (song) data
were collected in a single-housing acoustically-isolated chamber during awake-singing.
The bird was allowed to move and sing freely during 120-240 minute-long recording

sessions.

Data collection methods Neural data and vocal behavior were collected simultane-
ously. Voltage signals were recorded by 384 Neuropixels channels, amplified, band-pass
filtered (300Hz-10000Hz), multiplexed and digitized at 30kHz on the Neuropixels
headstage, and transferred to the data acquisition module. We focus on 85 channels in
the B1dataset corresponding to region RA. Audio signals were recorded at 25kHz and
high-pass filtered (250Hz) for subsequent extraction of spectral features. The stereo-
typy characteristic of zebra finch song enabled the segmentation of non-overlapping
sequences of song syllables, or motifs, composing the bird’s own song. These motifs
are similar in their syntactic structure but vary in timing, pitch and syllable count
across vocal renditions. Custom software was used for extracting song motifs from the
audio recordings and for computing the spectrogram representations to be used as

decoding targets.

Processing To allow maximum flexibility in decoder design, we provide threshold
crossing activity at the original 30kHz resolution. Thresholds were independently
set on a per-channel basis and may vary across sessions. The amplitude waveform
corresponding to each motif rendition, synchronized to neural data, is also provided
at the original 25kHz sampling rate. The audio signals provided were band-pass
filtered within the relevant birdsong frequency range (250Hz-8000Hz) and de-noised

using the noisereduce Python package [300]. The spectrogram corresponding to
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each amplitude waveform, which constitutes the ultimate decoding target, is provided
at 1kHz resolution. We provide only a window of data around each 700ms-long
motif (100ms before motif onset and 100ms after the end of the motif; total epoch
length is 900ms). For both held-in and held-out datasets, 40% of the song motifs are
reserved for evaluation. On held-in datasets, the remaining 60% of the data is released
for calibration. On held-out datasets, 3 motifs are made available for the few-shot

calibration split.

B.1.4 Baseline Implementation Hyperparameters

Wiener Filter (WF)

Description For the movement datasets, linear static and oracle decoders are done
using a Wiener filter. Wiener filters predict the current value of an output signal using

previous timesteps, as defined by:

where y[t] is the output signal at time ¢, z[t] is the input signal at time ¢, w; is the
filter coefficient, and I is the number of previous samples to use for decoding. In our
decoder, the input signal = is the smoothed neural data, y is the behavioral output
to predict, and [ is the number of time bins of history. The weights are fit using a

matrix formation of the above equation:

W= (X"X+ )Xy

where W is a matrix of filter coefficients, X represents the predictor data with
history and bias, and y represents the output signal. A/ represents a diagonal matrix
with the L2 regularization constant filling the diagonal. The bias term is not regularized
and therefore its diagonal entry is set to zero. The L2 regularization aims to avoid

decoder overfitting by penalizing solutions with large individual weights.
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Implementation We implement the WF as a Ridge Regression model using the
Scikit-learn library [301].

Parameter Optimization L2 regularization values are obtained using 5-fold cross
validation. We sweep a range of 20 values spanning le-5 to 1leb in logspace. For
each value, we train and test a Wiener filter using 5-fold cross validation, testing the
decoder on a held-out fold. The optimal regularization value was selected based on
which value yielded the highest performance metric. Final performance was reported
on the held out fold.

To determine the number of bins of history to use for each dataset, we swept from
I =0 to I = 30 by training on all held-in calibration and held-out oracle data splits
and reporting performance on the evaluation split for each dataset, separately. We
selected the appropriate number of bins by plotting the resulting R? for each session
and choosing the value that coincided with the elbow for the most sessions within a
dataset. These results are shown in Figure B.1. We ultimately selected =30 bins
(600ms) for M1, I=7 bins (140ms) for M2, and /=30 bins (600ms) for H1.

M1 M2 H1
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Figure B.1. Sweeps to determine WF history. We train WF decoders on each session
(differentiated by shades of blue, see colorbar) of all datasets with history from I = Oms to
I = 600ms and evaluate the prediction R? on the held-out split. We select the history that
maximizes performance for most sessions, indicated with the vertical red dashed line. For M1
and H1, performance continued to rise with increased history. We capped history at 600ms to
ensure reasonable use for iBCIs [302, 303], but selected this maximal value for these datasets.
For M2, performance reached an elbow with 140 ms of history.

Code Availability The WF decoder used for FALCON is available on our Github
repository at: https://github.com/snel-repo/falcon-challenge/blob /main/decoder demos/sklearn decoc
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RNN Decoder - Movement

Description The RNN baseline uses a 1-layer LSTM followed by a linear readout

of behavior. It is a simple supervisd baseline.

Implementation This minimal baseline excludes any multi-session layers, and thus
was only trained on single sessions of data to report oracle and zero-shot results. It is

implemented within the NDT2 codebase, but uses simple Pytorch layers.

Parameter Optimization We sweep learning rate and model hidden size, though
find training varies little with these choices. We sweep 6 parameter combinations per
model. Models train very quickly (2-10 minutes on a single 2080 NVIDIA GPU).

Code Availability RNN baseline code is available in the NDT2 codebase: https://github.com/joel99/c

Neural Data Transformer 2 [179]

Further results We present additional NDT2 baselines in Table B.1.

Table B.1. FALCON movement baselines with zero-shot and static NDT2. We
include NDT?2 zero-shot and static results for comparison with the RNN baseline. Oracle
single-session models and zero-shot transfer achieve comparable results with the vanilla RNN
decoder.

Movement (Held-Out R? / Held-In R? 1)
Class M1 M2 H1

Wiener Filter (WF)  OR

0.5310.04/0.54

0.26.10.03/0.27

0.214004/0.24

RNN OR  0.75:005/0.75  0.5610,04/0.59  0.4410.43/0.51
NDT?2 OR  0.711006/0.72  0.441005/0.53  0.3810.13/0.44
NDT2 Multi OR  0.78:004/0.77  0.5810,04/0.62  0.6310,0s/0.68
WF 7S 0.341006/0.46  0.061004/0.15  0.161903/0.20
RNN 7S —.61i94s/0.51  0.131000/0.17  0.081917/0.29
NDT?2 [179] 7S 0.111911/0.55 —0.0310.15/0.28 0.101910,/0.32

NDT2 Multi [179]  FSS  0.591007/0.77  0.431008/0.63  0.52.004/0.62

Description NDT2 is a Transformer-based deep neural network previously demon-
strated to enable multi-context neural data modeling with or without any specific

parameters for different datasets. The model tokenizes each timestep of the input
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data into contiguous subsets of fixed length along the full channel dimension. As
there are multiple tokens per timestep, the multiple input tokens must be merged to
produce per-timestep decoding. In this work, the NDT2 baselines use cross-attention
for behavior decoding. Additionally, the models perform neural data reconstruction

as a secondary objective.

Implementation NDT2 models are prepared as the other single-session baselines,
i.e. separate models are trained per session and the model that performs best on
held-in data is used for zero-shot transfer. NDT2 Multi models use all available
calibration data at once, e.g. for the oracle NDT2 Multi model, a single model was
trained with all held-in calibration, held-out calibration, and held-out redacted data;
the regular ND'T2 Multi model uses all calibration data. Thus NDT2 does use the
few-shots of calibration data available in future sessions for predicting an early held-out
session; this is an implausible design for real-world use, chosen for simplicity.

As described in Section B.1.5, the training dataloader was modified to provide
random fixed length subsets over either training on trialized data or direct splitting of
the continuous data. This is required on Mland M2for the model to be more robust to

FALCON’s continuous evaluation.

Parameter Optimization NDT?2 used a fixed grid search on model parameters and
learning rate for each of M1, M2, H1, and trained with early stopping. The checkpoint
with best validation score was used to compute the baseline metric. Individual runs (6
runs per sweep) cost up to 3 hours per model (for Midata) on a single NVIDIA 2080
GPU.

Code Availability The codebase and checkpoints, along with the specific hyperpa-
rameter sweeps, are on the public Github repo: https://github.com/joel99/context general beci/.

NoMAD [46]

Description Nonlinear Manifold Alignment with Dynamics (NoMAD) is a manifold
alignment decoder stabilization approach that operates in a few-shot unsupervised
regime. NoMAD frames the stabilization problem using pairs of datasets consisting

of an initial calibration dataset, “Day 0,” where both neural and behavioral data are


https://github.com/joel99/context_general_bci/
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available, and a later dataset that contains neural nonstationarities with respect to
Day 0, termed “Day K,” for which only neural data is available.

On Day 0, a dynamics model is trained, and a decoder is trained to map from
the inferred dynamics to the behavior. The model and decoder are then frozen. On
Day K, using neural calibration data, a feedforward alignment network is trained to
map the new neural data onto the fixed dynamics model. This alignment network is
trained primarily using a Kullback-Leibler divergence cost between the RNN states of
the dynamics model on Day 0 and Day K. After alignment network training, the fixed

decoder can be applied to the Day K dynamics to maintain accuracy.

Implementation The Day 0 dynamics model is latent factor analysis via dynamical
systems (LFADS) [304, 87|. Unlike the model with the behavioral readout described
in [46], the LFADS models here are the standard nonautonomous models described
in [87, 305, 306]. Of note, we select only one Day 0 dataset from the held-in sessions
for each task; for M1 | this is the 20120926 session, for M2, 2020-10-19-Run2, and for H1,
192501137120811. The remaining details are consistent with [46]. The decoder applied
is a Wiener Filter with 4 bins of history for M1and M2; for H1, we used 4 bins of history
for most held-in sessions and 8 bins of history to evaluate the Day 0 session that

NoMAD aligned to as well as all held-out sessions.

Parameter Optimization Day 0 LFADS model parameters were optimized using
AutoLFADS [305, 306]. AutoLFADS was trained using 8 NVIDIA GeForce RTX 2080
Ti GPUs with training time less than one hour per held-in dataset. NoMAD alignment
network hyperparameters were optimized using a random search, with each model
in the random search using one NVIDIA GeForce RTX 2080 Ti GPU (training time
approx. 20 minutes). Wiener Filter bins of history were optimized using a grid search.
Models and decoders were selected based on those which had the highest accuracy on
the held-out calibration data.

Code Availability Because [46] is still under review, the Systems Neural Engineering
Lab will not release the code right now. The code will be made available when this

paper has been published.
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CycleGAN [143]

Description Cycle-Consistent Adversarial Network (CycleGAN) is a decoder stabi-
lization approach based on the use of Generative Adversarial networks (GANs) that,
like NoMAD, operates in a few-shot unsupervised regime. Similar to a conventional
GAN, CycleGAN architecture consists of a pair of neural networks, a generator and a
discriminator. The generator (or aligner) is trained to transform the high-dimensional
neuronal firing rates from the calibration “Day K” dataset into a form resembling
the initial “Day 0" dataset, which was used to train the fixed neural-to-behavior
decoder. The discriminator is trained adversarially to the generator to maximize
the distance between the distributions of Day K and Day 0 datasets. Unlike regular
GANSs, CycleGAN also implements a cycle-consistent loss that regularizes the learning
of the Day K to Day 0 mapping function, thereby reducing the search space and
making training more stable. This is achieved by adding a second pair of generator
and discriminator networks that are trained to learn the opposite transformation (i.e.,
from Day 0 to Day K). After CycleGAN training, the aligner is used to transform Day
K into Day 0 data to maintain the accuracy of a fixed Day 0 decoder.

Implementation Here we select only one Day 0 dataset from the held-in sessions for
each task to compute the fixed decoder and the subsequent Day 0 to Day K CycleGAN
aligners. (20120926 session for M1, 2020-10-28-Run1 for M2, and 19250120 for H1). The
decoder used is a Wiener Filter with 8 bins of history for all the tasks.

Parameter Optimization Training CycleGAN is computationally efficient since
the generator and discriminators pairs are feedforward neural networks. The training
process can be completed on any modern CPU in under two minutes. We used the
same hyperparameters as described in [143|. The selection of CycleGAN aligners
and decoders was based on those that achieved the highest accuracy on the held-out

calibration data.

Code Availability A step-by-step tutorial on the use of Cycle-GAN for neural
alignment can be found on the public Github repo: https://github.com/limblab/
adversarial _BCI/blob/main/Cycle_GAN_aligner.ipynb.


https://github.com/limblab/adversarial_BCI/blob/main/Cycle_GAN_aligner.ipynb
https://github.com/limblab/adversarial_BCI/blob/main/Cycle_GAN_aligner.ipynb
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RNN Decoder and Language Models - Communication (H2)

Description The baseline RNN decoder for H2consists of a shared Gated Recurrent
Unit (GRU) backbone and a set of session-specific affine transform layers. The neural
activity first undergoes an affine transformation via the session-specific layer, and
then the GRU backbone decodes the transformed neural activity into characters. The
GRU and session-specific transforms are trained end-to-end on multiple sessions.
The language model (LM) evaluates a sentence’s probability. Given the character
probabilities output from RNN, we use beam search and an LM to find the most likely

sentence.

Implementation The baseline RNN is a 2-layer GRU with 512 hidden units. A
softmax layer maps the GRU outputs to character probabilities. The session-specific
layer is implemented as a linear layer with the same number of units as the input
neural features.

The baseline RNN is trained jointly on multiple sessions to maximize performance.
The zero-shot /static model is trained on calibration splits of all held-in sessions. The
oracle model is trained on oracle splits of held-out sessions (not including sessions
later than the testing day) plus the calibration splits of all held-in sessions.

We use a 3-gram LM trained on the OpenWebText2 corpus to convert the RNN
outputs into words in real-time. To further improve the accuracy, we use GPT2-XL

to rescore the outputs from the 3-gram LM. See details in [178§].

Parameter Optimization Hyperparameters were optimized by grid search in [178§].

No additional optimization is done for this work.

Code Avalilability Code and pre-trained models are available here: https://github.
com/cffan/CORP

CORP [178]

Description CORP leverages language models (LMs) for test-time adaptation. It
first uses LMs to correct errors due to nonstationarity in decoded sentences. The
corrected sentences are used as pseudo-labels to calibrate the RNN. The calibration

runs after the user finishes writing a sentence.


https://github.com/cffan/CORP
https://github.com/cffan/CORP
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Implementation We use the same RNN and LM implementations as in B.1.4. For
FALCON, we first trained a seed model on calibration splits of held-in sessions. Then,
for each held-out evaluation session, we take the calibrated model from the previous
session (seed model for the first evaluation session), use the model to decode trials

from the new sessions, and run calibration after decoding.

Parameter Optimization Hyperparameters were optimized by grid search in [178|.

No additional optimization is done for this work.

Code Availability Code and pre-trained models are available here: https://github.
com/cffan/CORP

EnSongdec [209] - B1

Description The EnSongdec model is a brain-to-song deep neural network that
enables synthesis of an amplitude waveform from input brain activity. The model
features a feed-forward neural network (FFNN) trained to predict audio (song) em-
beddings, z, from each timestep of input neural data. The FFNN is coupled to a
Quantizer-Decoder network extracted from a pre-trained, state-of-the-art audio codec
(EnCodec) [210]. The quantization layer converts z into a compressed latent repre-
sentation, z,, utilizing residual vector quantization (RVQ). The decoder network uses
transposed convolutions to reconstruct the time-domain audio signal at its original

sampling rate.

Implementation We first used the Encoder network of a pre-trained EnCodec
model to extract meaningful embedding representations of birdsong. To prioritize
reconstruction quality over data compression and streamability, we opted for minimal
EnCodec audio compression settings (24kbps at a 48kHz upsampled input). Next,
we optimized custom feed-forward neural networks to translate input neural signals
into continuous embedding representations of birdsong. Threshold-crossing inputs
were smoothed using a 1-d Gaussian kernel (o0 = 30) and downsampled to match the
rate of the target song embeddings (150 samples per second; 7ms bins). 14ms of
neural data (2 bins) were used to predict each audio embedding sample. The resulting
feed-forward neural network featured an input layer of size ¢ = N X history bins

(where N = 85 denotes the number of Neuropixels channels targeting the brain region
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of interest), two 64-unit hidden layers and a 128-unit output layer corresponding to
the dimensionality of the embedding space. ELU activation functions were employed
and mean square error (MSE) was used as the reconstruction loss to train FFNNs.
The Quantizer-Decoder network excised from the aforementioned pre-trained EnCodec
model was coupled to the FFNN to synthesize a continuous time-domain song signal.
The spectrogram of the reconstructed song was compared to the spectrogram of the

original recorded song to evaluate the performance of EnSongdec.

Parameter Optimization Hyperparameters were optimized using a grid search
approach based on minimal song reconstruction error. We used Weights & Biases for

experiment tracking. Models were trained on a proprietary cluster of servers using

NVIDIA GeForce RTX 2080 Ti GPUs.

Code Availability Code to implement EnSongdec can be found in the public Github
repository: https://github.com/pabloslash/EnSongdec

B.1.5 Evaluation Parameters
Continuous vs Trialized Evaluation for Motor Tasks

Real-world BCIs will require continuous decoding of user intention. This motivated us
to design FALCON evaluation to be continuous, despite the fact that the evaluation
data was often collected in a trialized setting. When making this design choice, we
identified a sensitivity to training and evaluation context length that varied across
datasets. Specifically, we trained trialized NDT2 decoders, where training data
is divided into single behavioral trials, and continuous NDT2 decoders, where the
continuous training data is divided into fixed length segments. Trialized models used
up to 4 seconds of history (M1 and H1 had trials in excess of this length, but M2 trials
averaged to about 1 second. Further, continuous models did not directly train on data
split into segments of a given length, but rather required augmentation. Data was
split into segments longer than the target length; e.g. for 2 seconds of history, data
might be split into 4 second segments, and a 2 second slice was drawn at random.
Decoders of either kind were evaluated in a trialized setting, where signals about trial
change could be used to reset model input, or in a continuous setting, where these

signals were not available.
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Fig. B.2 illustrates the sensitivity of trialized models to continuous evaluation.
Trialized models often performed well in trialized evaluation, and in particular did
not degrade with long histories. However, when evaluated in continuous settings,
performance dropped precipitously in M1 and M2. In H1, models trained on trialized data
continue to improve with higher histories, on either trialized or continuous evaluation.

In contrast, models trained on continuous data fail with long histories, but peak
performance was often comparable to peak trialized performance. Accordingly, NDT2
baselines for M1 and M2 trained with continuous data and with trialized data for H1.

The dependence of trialized training on trialized evaluation suggests that models
are exploiting trial structure (distinct behavior at the start, middle, and end of trials) to
reduce uncertainty about decoding at different timepoints. This is likely to not benefit
closed loop control, where decoding should be able to produce flexible behavior at any
timepoint. Since continuous models are also able to achieve similar performances, it is
possible that continuous models are still exploiting trial structure by inferring the part
of the trial that needs to be currently decoded. Moreover, the fact that performance
continues to improve with longer context for H1 remains a particularly concerning edge
case that may be exploited in FALCON leaderboards. We do not restrict H1 context in
evaluation for simplicity, but encourage works to report the history they use as input
for context. We also encourage work that sheds light on why H1 behaves differently
than M1 and M2.

Determining data volumes for few-shot calibration on held-out days

FALCON aims to enforce the realistic constraint that calibration on new sessions will
have limited neural and behavioral data. To ensure that the few-shot problem was
well-represented, we established that the held-out calibration splits were insufficient
to train new linear decoders on their own. As shown in Table B.2, performance of
WF decoders on the movement datasets trained on the held-out calibration splits

under-performs those trained on the held-out oracle splits.

Table B.2. WF decoder performance on held-out data splits. WF decoders trained
on held-out calibration and held-out oracle splits for all movement datasets.

Training Data M1 M2 H1
Held-out calibration 0-24i0.04 0.1410.05 O.llio_og
Held-out oracle 0.5340.04 0.261003 0.211904
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Figure B.2. Continuous vs Trialized Decoding. We train and evaluate NDT2 decoders
on combinations of trialized and continuous data. History indicates the length of context
the model uses to make predictions during evaluation. These decoders are sensitive to data
trialization, with varying effects across datasets. Models trained with trialized data in M1and
M2fail significantly when evaluated in a continuous fashion (indicating dependence on trial
structure during decoding). Continuous models can often match the performance of trialized
models in either trialized or continuous evaluation, but is sensitive to the length of history
used. H1, unlike the other datasets, sees continued gains with increased context beyond the
explored range even under continuous evaluation, indicating further possibility of model
exploitation of trial structure. Held-in metrics show similar trends. FALCON is susceptible
to models that exploit these gains.
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C.1.1 Related works and a proposed taxonomy

1

Neural data is sufficiently diverse so as to support many distinct efforts to train
large neural data models. The scale of pretraining is somewhat larger in the non-
implanted modalities, where data is more abundant. The largest EEG models have
reached a scale of 2.5K [101] to 40K hours of data [102], or higher volumes if also
considering non-brain biosignals (EKG) [307, 308|. Current fMRI models operate
in the 1K [103] to 7K [104] hour range. The largest models in these studies are in
the 0.1B-1B parameter range. Intracranial modalities, including sEEG [100, 105],
ECoG [131, 132], and spiking activity [220], have thus far been studied at an order of
magnitude smaller scales of data and model size (20-1000 hours, <0.1B parameters).

Direct scaling on neural data modeling should be distinguished from NeuroAl

efforts [109] to measure how models of the human sensorimotor experience (e.g.
language, vision, audio models) predict neural data [108]. However, as multimodal
efforts begin to blur this distinction [110, 111|, care will be required to distinguish
advances in modeling neural data, embodied data, or their interaction.
Comparing neural data models Current efforts to understand scaling in neural
data Simeon et al. [309], Sato et al. [310] will have their reach limited by the specificity
of every neural dataset. A meta-challenge for the field is understanding how different
parameters (species, brain area, modality, task) impact scaling properties. This would
be greatly aided by development of reporting practices for different neural data models.
To facilitate comparison, we create a model card in the NDT3 codebase [311]. In
addition to the standard model card, we propose reporting an additional taxonomy to
aid comparisons across neural data models, using two concepts.

First: neural data models can be conceptualized as modeling slices of the plenneural
function, inspired by the plenoptic function in vision [312]. The plenoptic function is
a model of an idealized eye which parameterizes all possible images with 7 dimensions:
4D to describe the global spacetime of the view, 2D to describe viewing angle (spherical)

or coordinate (Cartesian) of the image, and 1D for wavelength. Since neural data

!This subsection surveys the landscape as it stood when Chapter 5 was written, and the reported
scales have since been overtaken. See Section 2.2.2 for the current picture.
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Figure C.1. A. Two monkey 2D center-out datasets with 8 angular conditions. LDA
projections show monkey J’s data is distinctly more separable than monkey V’s. We then
test generalization of behavioral decoding to held-out angles after training on 2 of 8 angles
(boxed in red). All NDT3s and the WF produce predictions constrained between the held-out
angles. The Wiener Filter here, unlike in the main text, is a direct fit on neural data
without dimensionality reduction. B. We quantify performance for decoding on each angle
with respect to distance from the central angle between the held-in angles. We average
performance over all 8 central angles.

models are primarily interested in circumscribed systems rather than the physical
world, a similar global coordinate system (e.g. 4D for all possible electric potentials)
would be uninformative. We thus propose reporting more qualitative coordinates:

1. Identity: The network or individual being recorded.
2. Task: The behavior, stimuli, or other activity the network is reflecting.

3. Spacetime: Coordinates specified in a network-local coordinate frame (e.g. brain

area).

Second: The modeled extent of this plenneural function is conveniently discretized
in three resolutions in a Transformer-like sequence modeling framework: the token, the
sequence, and the full training data. The token is the most granular unit of data being
modeled; NDT3 models neural populations 32 neurons at a time, in 20ms bins. At
the sequence input level, NDT3 models inputs from single humans or monkeys, across
128-256 neurons in 2 second snippets, while performing effectively one “movement.”
Finally, NDT3’s pretraining spans dozens of individuals, records motor and premotor

areas over 2.5K hours, over a variety of arm and hand movements.
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C.1.2 Supplementary Results
Further tests of held-out angle generalization.

To further support our single-dataset illustration of attractor structure in pretrained
NDT3, we evaluate reach angle generalization across sessions in the isometric, force-
based dataset (Monkey J) setting and a second, manipulandum-based (Monkey J)
setting with monkey movement. To begin, we visualize the separability of these neural
data with LDA (Fig. C.1A Neural Data). We next train decoders on every pair of
angles separated by 90 degrees (one shown) and plot predictions on held-out trials
from all angles. NDT3 and WFs, here directly fit to high-D data instead of after
PCA-LDA, both fail to extrapolate to held-out angles, consistent with Rizzoglio et al.
[157], illustrating the necessity of the dimensionality reduction for generalization in
the main text. We quantify prediction performance in Fig. 5.4D. These plots again
show that held-out generalization is subtrivial, while being entirely consistent with
pretraining’s overall narrative of improved performance in all conditions.

Methods for PCA-LDA. Our PCA-LDA preparation used in Fig. 5.4C-E adheres
closely to our standard data preparation and is directly comparable to the inputs
received by the deep networks. To begin, we smooth all spike counts with an exponential
kernel, as in our Wiener Filter baseline (Section C.1.3). We then z-score these smoothed
spikes, and fit PCA to the high-dimensional (96D) z-scored neural activity at each
timestep to extract the top 10 PCs. Finally, we fit linear discriminant analysis (LDA)
to reduce this 10D PC space to neural activity to 2D. Example neural data projections
are shown in Fig. C.1A, showing clear radial structure that can be exploited for
generalization. The training data for PCA and LDA are both restricted to only
the held-in angles. Note that LDA uses categorical labels to separate the 3 held-in
reach directions but is applied without class labels after fitting. While this train-time
labeling is technically not given to NDT3, this does not influence our argument that
NDT3 pretraining should be capable of angular generalization, as NDT3 does not
confuse the reach angle of held-in predictions. The final Wiener Filter is fit to the 2D

data and uses 1 second of history.

Ablations

We ablate the major design decisions made to enable NDT3’s large scale pretraining.

These ablations give us confidence that NDT3 overcomes the basic challenges we
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Figure C.2. Ablation of covariate masking on an open 2D Cursor + Click dataset. Covariate

inputs are completely masked in inference for the default NDT3, and autoregressively
generated in the ablation.

encountered in development, but compute restrictions prevent more exhaustive com-
parisons or exploration of model design space. We encourage further work exploring
the influence of different hyperparameters. In these plots, we distinguish validation
split performance and evaluation split performance, which is computed by batch-mode
prediction (not the costly streaming evaluation used throughout main experiments).
Covariate dropout We find the default next-step prediction objective fails for learning
decoding of highly autocorrelated covariate timeseries, perhaps because simply relying
on teacher-forced behavioral inputs provides a severe shortcut that prevents learning
of a proper neural to behavior decoding map [313]. Different time-series models have
addressed this by adopting convolutional input-output layers [314], tokenizing along
temporal dimensions [315], or learning with contrastive objectives [105, 99]. We avoid
introducing architectural modifications and instead adopt a simple dropout procedure
that masks a portion of covariate inputs some fraction of the time. Specifically,
on every training batch, two random numbers are drawn. The first, M ~ U|0, 1],
determines what fraction of covariate inputs should be masked. On 90% of batches, we
also sample T' ~ U[0, 2] seconds, such that the mask is only applied after timestep 7.
That is, on 90% of batches, the model is provided a prefix-prompt. We do not block
losses on this prefix as in prefix-LMs [316]. Pretraining metrics for validation and
evaluation are always computed with a prefix and full masking of non-prefix timesteps.
In Fig. C.2, we ablate covariate masking (which also removes the prefix logic), and

tune on a 2D Cursor + Click task. The ablated model performs subtrivially with
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Figure C.3. Ablations evaluated based on upstream evaluation split. A., B. Ablation of
BCI control tokens C. Ablation of neural objective and covariate MSE objective in favor of
classification over quantized covariates.

student-forced predictions provided as input at test time. Note that the ablated model
performs trivially with masked inputs (not shown).

BClI-phase and return conditioning NDT3’s pretraining includes several hundred
hours of BCI control data, where the covariates were set by another decoder. We
introduced phase and return conditioning tokens to differentiate the several types of
BCI control data from recorded behavior. Specifically, in BCI data, NDT3 receives
input tokens specifying what fraction of the behavior reflects neural input (BCI control
is on) vs programmatic input (BCI control is off, as in open loop BCI calibration).
Further, we provide inputs encoding reward (trial success) when trials change, and
return (future reward over a 10 second horizon, which crosses data boundaries). This
design is intended to evaluate the potential for a Decision-Transformer like offline
learning strategy for improved online control, but we do not discuss this in this work.
In Fig. C.3A, B, we focus on whether these inputs improves pretraining loss and R?
in validation splits, which has contains BCI data, and the held-out evaluation split
containing only monkey behavior. The figures show that the ablation significantly
decreases validation split performance, and causes a slightly earlier stopping point
leading to worse evaluation performance. Note both models early before the full
training budget of 400 epochs.

Neural reconstruction objective All main NDT3 models used a neural recon-
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struction objective inherited from the self-supervised learning pretraining from NDT2.
We ablate this choice post-hoc and see it may actually minorly harm pretraining
(validation split), though the neural objective doesn’t harm evaluation split decod-
ing (Fig. C.3C). Note the scalar weighting of neural vs covariate objectives were set
to be roughly balanced in pretraining. Section C.1.2 provides a downstream analysis
on the standalone value of the neural reconstruction objective.

MSE over classification In robotics and certain generalist models [223], continuous
action spaces are sometimes better decoded and controlled when quantized [317|. This
is because MSE is an insufficient objective when the output distribution is multimodal
(e.g. one of two possible paths in robotics). While it seems unlikely that the close
relationship between movement behavior and motor cortex is multimodal, multimodal
behavior may be appropriate when pretrained on heterogeneous data, i.e. when similar
neural activity corresponds to different behavior in two datasets. We attempted such
a quantization, including HL-Gauss smoothing [318| which we found to help; but this
does not recover the performance of the default MSE objective (Fig. C.3C) on the
evaluation split. We found this performance gap persisted under fine-tuning (not
shown). This suggests that NDT3 is differentiates neural data inputs from different
datasets.

Patch size NDT2 and NDT3 both tokenize neural data by patching them into fixed
size clusters. It is unclear whether transfer learning might occur for sub-token features,
which motivates the use of smaller tokens in larger datasets that might afford it [319].
We change patch size to 16 and show this performs slightly worse in the 45M 200h
model (Fig. C.3)C. Smaller patches (and subsequent increased neural tokens) may be
more beneficial in the larger scale models, but their benefit must be weighed against

their increased compute burden.

Isolated scaling in neural data

Due to NDT3’s joint modeling of behavior and neural data, it is difficult to dissociate
whether scaling gains in behavior come from improved behavioral or neural priors. To
assess whether NDT3 can scale solely from neural data modeling, we pretrain a new
set of 45M parameter models up to 200 hours with only causal neural data modeling
objective. As before, we then tune to a downstream decoding task, in this case, a
Critical Stability Task dataset (CST). From a representation probing perspective,

improved downstream performance implies higher quality neural representations. We
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Figure C.4. Scaling of unsupervised pretraining After pretraining models up to
200 hours with only the neural reconstruction objective, we fine-tune models in a similar
multiscale evaluation as in Section 5.3.1, with a newly initialized behavioral readout. We use
the CST task here. A. left shows neural loss scales with neural-only pretraining. The right
panel plots the neural loss, also present in the standard evaluation, also scales with joint
pretraining. B. left shows that with neural pretraining, downstream decoding performance
saturates at a flat performance after 25 hours. This is compared against the nonsaturated
scaling from joint pretraining. Colorbar is common for all plots, and Xs are from-scratch
NDT3 models.

use the standard single-stream autoregressive modeling objective as in the rest of this
work in the downstream setting, we find direct linear probing of neural representations
perform worse. Fig. C.4 compares the scaling on downstream neural and behavioral
metrics after the standard fine-tuning procedure.

Fig. C.4A shows that downstream neural reconstruction improves with increased
pretraining data either when using only the neural objective or both neural and behav-
ioral objectives (as in the standard setting). The joint pretraining achieves advances
neural metrics in all settings, illustrating that decoding behavior is a complementary
objective to neural data reconstruction even for representation learning.

Fig. C.4B contrasts decoding curves in the two pretraining settings, in that neural
pretraining has saturated decoding after just 25 hours of pretraining. This is consistent
with the interpretation that the behavioral readout reflects only one aspect of the
neural data. Together with the neural metric plots, this analysis shows scaling over
solely neural data is possible, but also that decoding behavior is a complementary

pretraining objective for improving neural representation learning and decoding.
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Figure C.5. Three regimes of NDT3 training for handwriting decoding. We show validation
loss and character error rates for example runs of from-scratch and fine-tuned NDT3s.

Pretraining does not benefit FALCON H2 (Handwriting)

We also evaluated NDT3 for decoding of letters in a human-open loop handwriting
task (FALCON H2). Although this is also a motor cortical decoding task, we excluded
H2 from NDT3’s aggregate evaluation since it is a sequence-to-sequence as opposed to
continuous task. To apply NDT3 to this task, we pool neural tokens at each timestep
and add a linear projection and optimize with a CTC loss [284]. We maintain the
default neural reconstruction loss and causal attention mask, and do not apply data
augmentation.

Note that RNNs are the current standard architecture for communication tasks
like H2 [11, 135]. Training and tuning was less stable than for our continuous decoding
tasks and required more extensive hyperparameter tuning, perhaps because the overall
dataset size remains small (< 1k samples), specific parameters are listed in the codebase.
We observe three regimes in both training and fine-tuning. First, the model can fail to

achieve an initial learning period. Second, the model can achieve reasonable nontrivial
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solutions, comparable to expected performance for unaugmented RNNs (though we do
not quantify this). Third, some models will exhibit learning instabilities that resolve in
significantly improved performance. We illustrate these regimes in example validation
curves below. Overall, the third regime is rarely achieved. More relevant to the main
narrative of this work, fine-tuning appears to degrade both final solution quality and
reduces the range of nontrivial hyperparameters (not shown). Investigating a sequence

to sequence objective over CTC loss would be valuable future work.

Multiscale decoding on individual motor tasks

Fig. C.6A plots model performance for each of the 31 evaluation settings we study in
the eight primary evaluation datasets we use. Studying any individual dataset will
yield variable conclusions on whether pretraining structure is helpful, underscoring the
need for proposed foundation models to be evaluated across many different datasets.
We see the most clear scaling with pretraining data (color gradient with red on top)
in the Critical Stability Task and Bimanual Task. FALCON tasks and Self-paced
Reach appear minimally affected by scaling pretraining data, in that either pretrained
models are generally slightly above a from scratch model at all data scales with no
particular best pretrained model. The 2D + Click and Grasp datasets uniquely show
high variability in model performance and strong degradation of the 350M 2 khr model
at low data scales. Grasp instability was so high that we trained 9 seeds instead of the
standard 3 to better estimate model performance. We propose this degradation is due
to the instability of full fine-tuning of large models at the extremely low data scales
these datasets present (e.g. 2.5 minutes at the 25% scaling). Finally, we remind that
the 2D + Click, FALCON H1, and 1D Grasp Force tasks are datasets from human
participants that are included in the 2 khr pretraining. Surprisingly, this leakage did
not provide clear benefit to the 2 khr model.

These scaling plots also provide more precise context for baseline performance.
NDT?2 performs particularly poorly in the low data regime, while Wiener Filters
perform poorly in the high data regimes.

In Fig. C.6B, we illustrate qualitative predictions on private datasets. These visu-
alizations show a diversity in covariate timescales and structure. They also illustrate
that the summary R? obscure several features of model predictions. For example,
pretrained models in Cursor Y tend have false positive deflections in movement. R?

also is not easily comparable in tasks with continuous dynamics (CST) vs. transient
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held-out (left) and held-in (right) splits are shown side by side by FALCON datasets. We
shade the standard deviation of 3 model seeds in fine-tuning. Different tasks show substantial
variability in benefit from pretraining. B. We show example predictions of a pretrained
(45M 200h) and from-scratch NDT3 for the 2D + Click Cursor task to give a sense of what
different prediction performances mean in terms of open loop data prediction. Numbers in
legend are the R? for that model’s predictions in the shown snippet.
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Figure C.7. A replication of Fig. 5.4A /B, but showing results for both sequential and joint
fine-tuning in each setting, and on multiple fine-tuning data scales. As before, each model
here tunes with some data from other settings (e.g. cross-subject data for the cross-subject
panel), and a fixed amount of data on the test session. Sequential tuning first tunes on
other-setting data, and then tunes on test session data. Joint tuning uses all data at once.
In Fig. 5.4A /B, we only showed the better choice for each panel, i.e. we showed joint tuning
for cross-session data, and sequential tuning for the other settings. In addition, we overlay
how the cross-subject tuned models perform when applied to half-token shifted test data,
confirming that subject and session data transfer similarly to shifted test data. Shading shows
the standard deviation on 3 model seeds. In-session baseline refers to the no-intermediate
tuning setting in Fig. 5.4B.

dynamics (Cursor G1).

Sequential tuning is similar to joint tuning

In Section 5.3.2, we showed that channel shuffling and half-token shifts were sufficient
to reduce cross-session transfer to the extent of cross-subject transfer, in the context
of a pretrained 350M 2khr NDT3 model and a from-scratch NDT3 model. Here we
add 1) joint tuning results in addition to the sequential tuning in the main text, 2)
extensions of this analysis to multiple intermediate tuning data scales, 3) an additional
replication of this analysis for the 45M 200hr NDT3 model.

The comparison of sequential fine-tuning against with joint fine-tuning is done for
completeness. Given cross-context data and a test session, we can either jointly tune
on all data (as we do in Section 5.3.1), or sequentially tune first on the cross-context
data and then on the test session. The latter is the protocol used in most other
works and what we adopt in the main text for this analysis. We find for pretrained
models that the results are similar, but that for from-scratch models, sequential tuning

is essential for cross-subject transfer and slightly harmful for cross-session models
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Figure C.8. A. A replication of Fig. 5.3D including an additional 25 hr and 70 hr model.
The two additional models show the precise performance we measure may be noisily related
to to pretraining data scale. B. Heatmap of differences between performances of pairs of
models with significance tested with FDR-corrected pairwise t-tests. Note that coloring is
used here to indicate differences, not significance. Positive numbers with significance indicate
the row model outperforms the column model.

(Fig. C.7TA). Seeing that sequential tuning is mainly advantageous for from-scratch
models, we speculate that sequential tuning is particularly helpful for filtering learning
signals in highly heterogeneous data, but pretrained models develop a capacity for
doing such filtering during fine-tuning.

For the multiple intermediate data scale, only the largest scale was reported in the
main text. Performance for most models decay towards the no intermediate tuning
baseline. The exception here is cross-session tuning, where even minor amounts of
data provide substantial gain, and cross-subject transfer in the joint tuning setting for
from-scratch models, where, as mentioned, the model performs very poorly.

The 45M 200hr model performs differently than the 350M 2khr at individual

settings but without any changes in overall trends.

Aggregate performance on all NDT3 models with significance tests

We additionally report the average performance of an NDT2 model pretrained with
100 hours of human data and two NDT3 models pretrained with 25 hours and 70 hours.
These models are placed in context with the models from Fig. 5.3D, in Fig. C.8A.
Note that for NDT3 models each successively larger data scale uses a strict superset of

data from smaller scales. We also provide the p-values computed for the significance
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Figure C.9. Pretraining curves shown for 45M parameter NDT3s at 1.5 hour, 25 hour, and
70 hours, in addition to the curves for the 2 khr 350M parameter NDT3. We separately show
metrics on neural and behavioral objectives through training. Since early stopping is used in
model selection, we verify here that neither objective is overfits significantly, except for the
1.5 hour model’s neural objective.

of the difference between each pair of models in Fig. C.8B. P-values are computed as
FDR-corrected pairwise t-tests. The 350M 2 khr model has p < 0.06 improvements
over all but the 350M 200 hr model. Interestingly, all other pretrained models, except
the 25 hr model, appear equivalent, at least statistically. We presume this is due to
the fact that our evaluation of 31 task settings may be insufficiently large.

NDT2 performs relatively poorly in our evaluation. This is true even when
tuning from the public checkpoint trained on 100 hours of neural data from humans,
though tuning does in general improve over the from-scratch NDT2 training. We
believe pretrained NDT2’s performance gap with NDT3 is partially due to NDT2’s
need to newly initialize decoding layers in each downstream task, which increases
NDT2’s dependence on thorough hyperparameter tuning. This makes NDT2 a poor
candidate for a foundation model. Section C.1.3 and Section C.1.3 describe a number
of methodological innovations that likely each contribute to the remaining performance
differences between NDT2 and NDT3.

Neural vs Behavioral Objectives

In this work, the neural objective is present mainly as an auxiliary objective to
improve downstream decoding. We see that neural and behavioral objectives are

complementary in Section C.1.2.
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Figure C.10. Downstream evaluation conducted through pretraining of a 45M 25 hour
NDT3, for the 25% scaling of the bimanual task, provided in context of the final evaluation
achieved by the 10% and 50% bimanual task scale settings for the 45M 25 hour models, and
the 25% scalings for the from-scratch NDT3 and best NDT3 (350M 2 khr). The benefits
from pretraining are attained by epoch 20, and plateaus without overfitting for the rest of
pretraining.

In Fig. C.9, we provide some additional context, showing that neural objectives
also improve through pretraining, i.e. that we are not overfitting the neural objective

and thus degrading decoding.

Downstream probe through pretraining

Upstream and downstream performance are generally assumed to be correlated in
pretraining studies. This assumption supports the use of a single evaluation at the
end of pretraining, rather than throughout pretraining, particularly if pretraining is
not overfit. It is possible, however, that the narrower tasks used in evaluation may be
learned or even overfit earlier than the general pretraining task. To assess this, we
conduct a small downstream probe of checkpoints every 20 epochs of pretraining for a
45M 25 hour NDT3. This probe measures the performance specifically at the 25%
scaling of the bimanual task. In Fig. C.10, we show this progression and compare the
variability of checkpoints in pretraining with the differences across different task scales
and pretraining models. The downstream probe for this task shows quick benefit from
pretraining, providing the full gain over from-scratch models by the first checkpoint
we evaluate at epoch 20, and then plateaus. This contrasts with the pretraining

plots in Fig. C.9. The mismatch between upstream and downstream progress here
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differs from correlated upstream-downstream progress in single-epoch language model

studies [320], which may be due to differences in domain or pretraining scale.

Evaluation on the Neural Latents Benchmark

The Neural Latents Benchmark [127] is a benchmark for evaluating latent variable
modeling of neural activity. This evaluation differs from NDT3’s direct decoding
evaluations in that all of NLB’s metrics are derived from acausally inferred neural
firing rates, akin to a pixel-level objective in computer vision. Note specifically that
the decoding metric officially reported in the NLB is derived from submitted firing
rates on the evaluation server; report decoding performance on NLB datasets without
modeling neural activity is not an expected use of the benchmark.

Despite its distinct setting, the NLB provides two well-established datasets on
which to evaluate models of motor cortical activity, providing context for NDT3’s
performance outside of decoding. To apply NDT3 to the NLB, we tuned NDT3 in
a new downstream task where insert new a token at each timestep, from which we
linearly decode firing rates of held out neurons. We performed this tuning separately
for each of the maze and random target tasks (RTT), reporting the resulting co-bps
scores in Table C.1. NDT3 performs poorly. From-scratch training on the single-session
benchmark datasets underperform NDT1 in all tasks. Tuning from pretrained models
improved performance, sample efficiency, and robustness to hyperparameters (only
performance is reported here), but did not dramatically change model competitiveness.
Zhang et al. [228] reported the value of more diverse neuron-level objectives for
neural activity prediction, though their submission also dramatically underperforms
NLB SoTA, warranting critical examination of whether pretraining benefits low-level

modeling of neural activity.

Neural objectives are needed in fine-tuning

Our recommended fine-tuning for ND'T3 is to match pretraining in most hyperparame-
ters (except learning rate). This includes the use of the neural reconstruction objective,
even though the downstream settings we used only evaluate behavior reconstruction.
We show that including this neural objective is important in fine-tuning in Fig. C.11.
Specifically, for pretrained models, ablating the neural objective can cause a substantial

drop in performance. Interestingly, the drop is more significant for the larger scale
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Dataset RTT Maze Maze Large Maze Medium Maze Small
NDT1 0.1643 0.3597 0.3739 0.3081 0.2788
SoTA 0.2010 0.3650 0.3831 0.3329 0.3458
NDT3 Scratch 0.1533 0.3093 0.2892 0.1859 0.1853
NDT3 350M 2kh 0.1695 0.2775 0.2781 0.1937 0.2116

Table C.1. NDT1 vs NDT3 co-bps (higher is better) on NLB’s MC Maze and MC RTT
datasets in the 20ms split. The NDT3 results were produced were the standard sweeps used
in this work, e.g. three random learning rates and three random seeds. SoTA results come
from LangevinFlow for RT'T and Maze and MINT for the Maze scaling datasets.
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Figure C.11. We compare fine-tuning on bimanual and self-paced reach tasks (RT'T), for
variants with the neural objective and behavior objective to those with only the behavior
objective. Curves from runs with the best validation R? of a standard 3 seed x 3 LR
fine-tuning sweep are shown.

350M 2khr NDT3. This dependence of NDT3 on the neural objective is not desirable,
but consistent with findings in other pretrained models that fine-tuning performs best
when consistent with pretraining settings [321]. For from-scratch models, the neural

objective does not cause significant impact.

C.1.3 Methods
Metrics and Evaluation

Throughout this work we evaluate offline decoding of continuous covariates timeseries.
The metric we specifically use is the coefficient of determination, R?, as computed

by scikit-learn’s r2 score function. R? is a useful metric over MSE as 1 represents
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Figure C.12. For 3 monkeys datasets at 10% scale, we extend a HP sweep to 5 LRs and
dropout in [0.0,0.1,0.3] (vs default 0.1). For fine-tuning, we also sweep weight decay in
[0.0001,0.01,0.1] (vs default 0.1), while for from-scratch models we also sweep Transformer
width ([256,512,1024]) vs default 512. This yields a 45-model sweep on 1 seed. We compare
the range of scores achieved by this larger sweep against the standard 3 LR x 3 seed sweep.

perfect prediction and 0 is the score achieved by best-guess baseline, the mean of the
data. In pretraining, R? is computed over the flat average of all covariate dimensions,
since each datapoint has differing covariate dimensionalities. In evaluation, R? is
computed as a variance-weighted average of R2s in each covariate dimension. Another
difference between training and evaluation metrics is that training predictions are made
over batched data, while evaluation predictions are mostly computed in a streaming
fashion. Streaming requires continuous neural data across different behavioral epochs,
and so cannot be performed for the Oculomotor and CST datasets. We also omit
it for the motor cortex self-paced reach dataset, which has a very large evaluation
split. Streaming allows timesteps at the beginning of each sequence to leverage neural
context from the preceding sequence, which raises performance slightly, as shown in
the continuous vs trialized analysis (Section 5.3.3). We limit history in streaming

evaluations to the max history seen in tuning (1 second).

Training

Pretraining hyperparameters were manually tuned in preliminary experiments at
the 45M parameter models on small datasets. 350M models diverged at the chosen
4e — 4 peak LR, so we lowered peak LR to le — 4. For tuning, the explored LRs
are le — 4,3e — 4,5e¢ — 4 for training from scratch and 3e — 5,1e — 4,4e — 4 for
fine-tuning. While this is far from an exhaustive search, we show in Fig. C.12 that
other regularization hyperparameters are set to reasonable defaults such that this
sweep finds near optimal results for both a from scratch model and fine-tuning the

45M model. Fine-tuning, like pretraining, is early stopped with a patience of 100
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epochs. Batch size is uniformly set to 16K in pretraining, and scaled to be roughly
10-20% of dataset size in fine-tuning. NDT3 from-scratch models were trained at
the 11M parameter range. Exact model configurations for different experiments are
documented in the codebase.

NDT3’s simple architectural design allows us to train on batches from different
tasks and dimensionalities. To avoid excess padding in training, we concatenate
pretraining data that is otherwise discontinuous (trialized) into 2 second data. We do
not add any separator tokens, as this does not appear to have a performance impact
for language models [221]. With mixed-precision training, the 350M parameter NDT3
can fit the 4-8K tokens in each input context in the memory of 40G NVIDIA A100
GPUs. Thus we can restrict NDT3’s pretraining parallelism to data-parallelism.

Using Kaplan et al. [92]’s equation for FLOP computation, Cioyara = 2N +
2NayerNetxdattn, We compute the footprint of the 350M 2kh model. We use about 0.9B
FLOPs per token in the forward pass, and about 0.9T neural tokens processed over

training, which yields a pretraining footprint of about 2.4e21 FLOPs.

Baselines and Other Transformers

Many models have been proposed for neural data decoding. While we believe the
selected Wiener Filter and NDT?2 baselines are representative of standard approaches,
it may seem insufficient relative to the number of available approaches. To this end,
we want emphasize that this work’s primary aim is to evaluate the scaling of a base
Transformer on neural data, rather than establish uniform superiority of a model over
all others. Such claims can only be established in a field with many benchmarks and
external evaluations, which BCI decoding currently lacks.

Wiener Filter The Wiener Filter baseline was cross-validated over regularization
strength. We also swept history of neural input up to the max length provided
to NDT, and reported the R? of the best WF according to test data in primary
evaluation (slightly advantaging the WF'). Generalization plots in Section 5.3.3 report
the performance of WF models at these different histories. For evaluating angular
generalization, WFs were only swept up to 1s history due to memory limits; performance
was not varying substantially with history so we do not expect this to have impacted
conclusions. The WF was for simplicity directly fit on the concatenated trial data,
which may have slightly negatively impacted its performance in trialized datasets

(Oculomotor, CST, Generalization analyses).
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Dataset Patience Held-In R? Held-Out R?
H1 100 0.567 10,034 0.45310.030
Hi1 (reproduction) 250 0.628:‘:0,011 0‘517:t0.016
H1 ([11]) 250 0.62 0.52

M2 100 0.56310.015 0.35210.028
M2 (reproduction) 250 0.582:5:0,002 0.391:5:0,009
M2 ([11]) 250 0.63 0.43

Table C.2. NDT2 H1 and M2 results when trained with 100 epochs of patience (this work)
in fine-tuning vs 250 as in Karpowicz et al. [11]. We report mean and standard deviation of
3 model seeds on the FALCON evaluation (which is in turn a cross-session mean).

In the primary evaluations in Section 5.3.1, we considered WFs fit either indepen-

dently per session in a dataset or jointly on all sessions, which is helpful for sessions
in very low data regimes. We report the better of the 2. In generalization analyses,
for simplicity, we only report joint fits, which may cause a slight downward bias in
performance.
NDT2. NDT2 is a Transformer that has shown effective transfer learning across BCI
datasets. It currently leads the FALCON BCI decoding benchmark and outperforms
RNN decoders. NDT?2 baselines were prepared with its public codebase. We trained
NDT2 models both from-scratch and from the public checkpoint pretrained on 100
hours of human data. Max context length and patience were held constant across the
models. This restriction to a patience of 100 epochs accounts for some difference with
the reported FALCON benchmark results in Karpowicz et al. [11], as we note in Table
C.2. The only departure we take from NDT2’s default design is that we train NDT2
with both a neural reconstruction loss (25% masking) and a supervised decoding loss.
This joint objective was introduced late in the NDT2 paper (|10] Fig 5) and performs
comparably to multi-stage training while simplifying large scale evaluation. This is
true for all eight evaluation tasks except CST. In the CST task, we used only the
supervised decoding loss, as the token dropout used in reconstruction can dropout all
neural input.

For hyperparameter tuning, we matched NDT3’s tuning budget for the pretrained
NDT2 checkpoint by only exploring 3 learning rates. Given mediocre NDT2 from-
scratch performance, we swept NDT2 over 2 model sizes in addition to the standard
3 learning rates. We set the NDT2 from-scratch model sizes to 20M and 72M to be
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Figure C.13. NDT2 and NDT3 architectures differ mainly in the conversion of NDT2’s
representation learning backbone to NDT3’s single multimodal stream. NDT3 directly
intakes neural and behavioral tokens and predicts with a next-step objective. NDT2 employs
explicit masking of input neural tokens and extracts neural and behavioral predictions at
each timestep with cross-attention layers.

comparable with NDT3 45M, but note that the NDT2 pretrained checkpoint is only
6M parameters.

NDT2 vs NDT3. NDT3 builds off of NDT2 but departs in several manners to
enable more streamlined scaling and analysis over heterogeneous decoding tasks, which
we overview in Fig. C.13. Lower level technical changes are described in Section C.1.3.
Both models relate neural data to behavior and train with both neural data and
behavior prediction objectives. Both models use both these objectives in fine-tuning,
but NDT2 only uses the neural objective in pretraining. NDT2’s neural data objective
is based on MAE [129], such that some fraction of input neural data tokens are masked
and reconstructed in a decoder separate from the main backbone. However, this
explicit masking was originally developed to study representation learning on images,
not timeseries decoding. Causal domains like BCI control can also learn nontrivial
representations simply through next-step prediction. NDT2 employed both explicit
MAE masking and a causal attention mask in its backbone, which is redundant
computationally and also reduces the context available to make predictions. NDT3
thus dispenses with the masking mechanism and uses next-step prediction alone.
NDT2 also differs from NDT3 in its readout of behavior. Again, since NDT?2 studied

representation learning, it used additional cross-attention readout layers to “probe”
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Figure C.14. NDT3-CrossEnc (POYO reproduction) compared with NDT3 and NDT2 on
FALCON movement datasets. We find that the cross-attention does not provide benefits
over patch-wise tokenization in NDT3. For NDT3-Crossknc, we report the best model from
a 9x larger hyperparameter sweep (over model size and dropout) than the other models.

behavior predictions at each timestep. NDT3 simplifies this two-part encoder-decoder
design to a decoder-only design. In this flow, masked behavior tokens are provided at
the input and filled in through the backbone, and varying the input tokens allows us
to make predictions of the corresponding behavior dimensionality.

NDT-MTM vs NDT Zhang et al. [228] proposed a Multi-task Masking method
(MtM) as a means of enabling improved scaling for spiking activity. MtM increases
the sophistication of the masks applied in the MAE strategy used to train NDT1
and NDT2, and finds improvements on varied neural data metrics. We view this as
analogous to introducing more granular objectives to improve “pixel” level metrics,
and believe the results are consistent with the original image MAE [129] not achieving
particularly good pixel metrics. However, decoding metrics, the focus of this work,
are similar to those achieved by the baseline NDT models.

Of note, Jiang et al. [322] also shows that NDT-MTM fails to scale across subjects
in the mouse neural prediction setting in which NDT-MTM was developed, replicating
our core claim on the difficulty of cross-subject transfer. Given these similarities
and that NDT-MTM makes no claim on advancing decoding, we did not attempt
comparisons.

POYO vs NDT POYO [180] is a Transformer that can pretrain on spiking activity,
proposed at a similar time as NDT2. POYO uses a cross-attention encoder, which is a
qualitatively large departures from the more basic Transformer formula used in NDT.
Specifically, rather than directly operating on patched neural data, as in NDT, POYO

first “tokenizes” individual spikes on all channels and performs cross-attention to reduce
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the large set of resulting tokens to a smaller number of latent tokens. In practice, this
yields a pre-specified constant number of tokens per timestep, as opposed to NDT’s
choice of scaling the number of tokens depending on input data dimensionality.

The official POYO codebase was not supported as of writing this work, and
neither were its pretrained weights available, so rather than attempt an exhaustive
comparison, we sought a basic test of whether POYO’s cross-attention encoder would
enable improved performance and thus scaling in NDT3. A priori, we deem this
unlikely as the Perceiver-based cross-attention encoder has not been widely adopted in
other domains. Our re-implemented cross-attention encoder, holding all other elements
constant within NDT3, performs worse than direct patching tokenization Fig. C.14.
For clarity, we enumerate the differences between NDT3/NDT3-CrossEnc and POYO:

e NDT3 uses joint neural / behavior prediction losses. POYO is trained only with

behavior prediction losses.

e NDT3 bins neural spike counts, while POYO encodes individual spike times.
While the higher fidelity is likely useful, most BCI pipelines do not typically
use individual spike times, and not all data releases include these more granular

features.

¢ Dataset-specific embeddings: Both NDT2 and POYO use learned dataset em-
beddings to account for dataset-specific variability. NDT3 discards these learned

tokens for simplicity, and accepts the small performance hit this introduces.

e Unit-specific embeddings: POYO additionally learns unit-specific embeddings
for each neuron or channel, which varies across datasets. NDT’s analogous
spatial embedding, learned for each patch (or unit, when patch size is 1), is fixed
across datasets.

While our reproduction may understate POYO’s overall performance, it does
suggest that the main design choice that could potentially improve scaling does
not outperform simple patching. POYO does outperform NDT2 in M2, suggesting
common choices with NDT3 such as rotary positional embeddings, might account for

its reported benefits.

Pretraining and Evaluation datasets

Pretraining datasets were comprised of historical data from several labs, the rough

composition of which is shown in Fig. 5.2B. The evaluation behavior used during
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pretraining was reaching in 2 monkeys. The first monkey dataset came from a public
release [323], and the second from a private dataset (Chase lab). The latter had
center-out reach in standard conditions and under visual feedback perturbations. The
monkey in the second dataset is also present in the 1khr monkey and 2kh and up
model dataset sizes, though performing in a different set of experiments.

Inherent to the process of large-scale scraping is a loss of detail on what precise
tasks were used, so we only have a qualitative description of tasks we believe are
well represented. ND'T3 trains on a wide variety of reaching behaviors from rela-
tively constrained (2D center-out reaching to fixed number of targets) to relatively
unconstrained (self-paced, more targets, potentially 3D) and under experimental
manipulations (delayed onset, multiple targets, different error thresholds requiring
more precision). These reaching behaviors are described in both endpoint kinematics
and as EMG. A smaller fraction of pretraining data are isometric and force related
(force exerted against manipulandums) for wrist and arm motion. Human datasets
contain a variety of iBCI tasks, with closed loop datasets reflecting both high and low
quality control. These tasks include reach and grasp behavior from 1-10 degrees of
freedom, as well as some individuated finger tasks for clicking.

We detail evaluation datasets in Table C.3. Three datasets come from the FALCON
benchmark [11], two are based on public datasets ([151, 136]), and three are private.
Note we avoid the Neural Latents Benchmark [127] as it does not directly measure
decoding performance. For each evaluation dataset, we specify a tuning split and an
evaluation split. Only tuning split data is changed when varying data scale. Tuning
and evaluation splits are block-contiguous, i.e. trials are not interleaved, for better

downstream applicability.

Generalization analyses and Further evaluations

Intra-session generalization Posture, spring, and angular generalization evaluate
OOD performance in the standard setup of comparing in-distribution and out-of-
distribution performance directly (with changes in the underlying evaluation dataset)
The intra-session temporal shift analysis is evaluated in an inverted, slightly more
rigorous setting. Specifically, we trained two sets of models on the two different
temporal blocks, and evaluated on an evaluation split in the later block, rather than
only training on the early block and evaluating on both blocks. This way, the OOD

shift is measured with respect to the same evaluation dataset.
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Architectural Details

NDT3 adopts several architectural innovations used in recent Transformer models.
These were compared against baselines in preliminary experiments, but formal ablations
in the final experimental setting were not conducted. We defer full description of the

Transformer dimensions to the public codebase.

¢ FlashAttention 2 [328] is used to increase training and inference speeds. On the
NERSC Perlmutter cluster, with FA2, 45M NDT3 trained at about 270M neural
tokens per 40G A100 hour, 350M NDT3 trained at about 70M neural tokens per
A100 hour. Note, FA2 also enables use of the 350M model for real-time (<20ms)
inference latency. On an NVIDIA 4090, we see mean inference times of 4ms for

the 45M parameter NDT3 and 9ms for the 350M parameter NDT3.
e Positional Embeddings [227]: Rotary embeddings are applied to indicate the

real-world timestep of every input token. Additionally, 48 categorical learned
embeddings are reserved to distinguish token modality and position within a
timestep (10 for neural, 16 for covariates, 16 for covariate constraints, 1 for

reward /return, 1 for dummy tokens, remainder unused).

e QK Normalization [329, 330]: An additional layer norm is applied to the query
and key embeddings, before the rotary embeddings, which helped stabilize
training of the 350M parameter models.

e No context embeddings [10]: Differing from NDT2, no learned embeddings for
disambiguating input datasets were prepended to each input. This was removed
for simplicity. Per GATO [222]| and language modeling practices, we instead
leave task / dataset disambiguation to the modeling process: In pretraining, the
covariate maskout strategy allows for many tasks to be specified in-context (as
later behavior can be inferred on the basis of earlier neural-behavioral token
relationships). In fine-tuning, the tuning dataset already uniquely specifies the

function to be learned.

e Cross entropy loss for spiking data prediction: We used the standard cross
entropy loss to classify spike count over the Poisson loss common in many neural
data architectures. Since the overall ablation of neural objective shows no large
impact in this work, it is likely that this decision should be evaluated with neural

data related tasks rather than decoding.
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We document the Transformer model shapes considered in our work in Table
C.4. This shape is not systematically explored in our work, and is by historical
artifact, slightly different than the shapes used in NLP/CV. Embedding parameters
are negligible. One possible area of interest is that the feedforward expansion factor is
1 in our model, i.e. the MLP dimension is low. If MLPs do serve as memory stores
in Transformers [331], increasing this shape may yield more performant model size

scaling, given the heterogeneity of our datasets.
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Table C.3. Evaluation datasets used for multiscale decoding and generalization analyses.
The references provide extended description of the behavioral task. Dashed line separates
datasets for Section 5.3.1 and for analysis. Datasets use unsorted multi-unit activity and are
processed in 1s chops unless otherwise mentioned.

Dataset Description
FALCON H1, 3 separate single-subject multi-session datasets for different iBCI
M1, M2 [11] tasks. Data comes in a high data split (held-in), and a low-

Self-paced reach
(RTT) [151]

Bimanual Cursor
Control [136]

2D Cursor +
Click (private)

Grasp force
(private)

Critical Stability
Task [326]
(private,
trialized, sorted)

Posture-varied
Center-Out [56]
(private,
trialized, sorted)
Spring-load [54]

Center-out,
Monkey J [143]
(trialized)

data split (held-out), with the intention on identifying methods
that can achieve parity in the two settings. H1 is an open loop
human dataset for calibrating 7D reach-and-grasp in a robot
arm. M1 is a monkey reach-and-grasp task to different objects
with EMG recordings. M2 is a monkey 2D finger movement task
with manipulandum-measured kinematics. Scaling scores are
reported on the test set.

Monkeys reach for random targets one at a time in a small planar
workspace. We decode 2D arm velocity in monkey Indy. Has
neural data from M1 and S1, we use M1 in Section 5.3.1 and
Section 5.3.2 and S1 in Section 5.3.3.

A human open loop dataset where the participant attempts
movement of one or both hands to control two cursors.

Cursor control is a classic iBCI endpoint [19, 324, 176]. Two
human participants attempt movement according to visually
cued cursor movement and audiovisual click cues. We also use
this dataset for trial structure analysis in Section 5.3.3.

A open-loop dataset with two human participants attempting
isometric power grasps. Specifically, participants were asked
to match force output according to visual cues in a Mujoco
environment. Grasps cued were both static (instant onset, hold,
and offset) or dynamic (gradually increasing force). This dataset
is valuable for human iBCI study because force modulation is
required in many motor behaviors, and grasp force has primarily
only been characterized in monkeys until now [325]. Uses 2
second intervals due to long behavior timescale. We expect this
dataset can be released by end of 2024.

A monkey dataset collected to study continuous control relative
to ballistic movement. The monkey balances a virtual cursor on
a 1D workspace for up to 6 seconds.

A monkey center-out task, but the monkey’s hand is adjusted to
one of 6 different starting positions. We use the central position
as center and the rest as edge.

A monkey moves fingers, clamped together in a manipulandum
for effective 1DoF, is neutral or under spring load.

Used in Section 5.3.2. A monkey performs an isometric center out
task. Forces are measured by the manipulandum and converted
to cursor velocity signals.
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APPENDIX C. SUPPLEMENT: NDT3
Model Layers Width MLP Size Heads Parameters (M)
NDT2 PT [10] 4 256 256 4
NDT3 Base 6 1024 1024 8
NDT3 Big 12 2048 2048 16

Table C.4. Transformer Model Shapes used in this work.
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Appendix D

Supplement to Chapter 6 (DELETE)

D.1 Supplementary Material
D.1.1 DELETE suppresses highly entrained neural responses

0.87

0.94

Spike fraction

0.98

0.2 0.85 0.95 0.98 0.99 1.00

0.00 0.25 0.50 0.75 1.00

Spike timing jitter (ms)
Figure D.1. A spike is identically injected after a fraction of stimulation pulses and with
latency jitter to create a simulated ICMS dataset. Heatmap values show the recovery rate of

these injected spikes.

Because DELETE removes predictable structure, highly synchronized activity
will be attenuated. We characterize this failure mode in a controlled simulation.
Following O’Shea and Shenoy [251], we sweep spike fraction (probability of an evoked
spike per pulse-channel pair; 0.2-1.0) and timing jitter (full width of a uniform latency
window; 0-1.0ms) across the ICMS simulation from Fig. 6.5, training a separate

DELETE model per condition. Recovery rates across this sweep are shown in Fig. D.1.

169
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Spike recovery degrades as spikes become more reliable and more tightly locked: at
fraction 1.0 and jitter 0 ms—the worst case, where every pulse produces an identically
timed spike—hit rate drops to near zero. Recovery improves with increasing jitter
and decreasing reliability; with jitter of at least 0.5 ms and spike fraction at most 0.6,
hit rates exceed 0.75. For comparison, Fig. 10C of O’Shea and Shenoy [251] shows

qualitatively similar ERAASR degradation in the same parameter regime.

D.1.2 Synthetic spike injection and normalized recall

A Synthetic Real B
j/\ "Y_—‘_‘_—

1.00-

R R RO T T SR A LA
SR "‘v,,. s ) ,..?\,.s.."u: PRI \.."~., 16 pv

8 pv
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Recall in 0.2ms threshold

16 pv
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2 4
0.5 ms Time (ms) from stim onset

Figure D.2. Spike recovery is near complete at larger-amplitude injections.
(A) Injected synthetic waveforms (Synthetic, left) compared with the recorded spikes used in
the Fig. 6.8 benchmark (Real, right), grouped by peak amplitude. Thin traces are individual
events, bold traces their mean. (B) Recovery rate—recall within a 0.2 ms matching tolerance—
against time from stimulation onset on a Single channel Fixed dataset, for injections at 8,
12, and 16 ©V alongside the recorded spikes themselves (Real). Dash-dot lines mark the
corresponding recall measured in non-stimulation periods, used to normalize recall in the
main text.

The Injection Recall metric (Section 6.2.4) asks what fraction of a known spike
population survives denoising during stimulation. Its difficulty is that a spike’s
recoverability depends on its amplitude regardless of any artifact: a small spike
injected into quiet background may not cross threshold at all. Raw recall therefore
confounds detectability with artifact contamination, and we normalize by recall
measured on the same injections in non-stimulation periods to isolate the stimulation
artifact’s contribution.

Fig. D.2 provides the sanity check that large-amplitude spikes, which are rare in
our datasets, are recovered at near-complete rates. Fig. D.2A shows curated synthetic
waveforms from Steinmetz et al. [233] against waveforms of comparable amplitude

from our datasets. Synthetic waveforms are smooth by construction, while recorded
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spikes carry the surrounding background, so the two are comparable in scale but not
identical in shape.

Fig. D.2B shows that recall quickly recovers to ceiling rates after the stimulation
transient. More importantly, actual and ceiling rates increase with amplitude, nearing

0.9 by the largest 16 ¢V amplitude we test.

D.1.3 Sensitivity of Activity Synchrony to the co-activation
threshold

Activity Synchrony (Section 6.2.4) requires choosing what fraction of the array must
be simultaneously active for a sample to count as a synchronous event. We report
25%, which is conservative enough that flagged events are unlikely to be physiological,
but the choice is arbitrary. To test whether our conclusions depend on it, we sweep
the threshold over 12.5-75% in Fig. D.3.

Absolute event rates fall steeply as the threshold rises, as expected: a stricter
criterion requires more channels to cross together, and by 75% almost every method
registers close to zero on every dataset. The overall comparison is stable. DELETE
records the lowest or near-lowest synchronous event rate at every threshold and on
every dataset, and the methods that leave the most residual artifact by RMS Inflation
(Fig. 6.8A) are the same ones that flag the most synchronous events here.

The 12.5% threshold separates the methods most widely, but to minimize risk of
reporting genuine neural synchrony, we use the more conservative 25% criterion. The

higher threshold remains discriminative.

D.1.4 Interpreting waveform R? discrepancies

The Waveform R? metric compares peri-stimulation crossings with pre-stimulation
waveforms from the same channel. The three selected datasets illustrate different
reasons for disagreement between estimators. In the star dataset, DELETE scores
below several baselines for successfully suppressing strongly stereotyped line noise-type
waveforms. The square dataset replicates this metric failure mode, with only one
contaminated unit visible. The triangle dataset shows a third such case, but further
shows DELETE channels also contaminated with light oscillation. In general, we
cannot establish that DELETE has fully suppressed the artifact in these datasets, but
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Figure D.3. Method ranking by Activity Synchrony is stable across co-activation
thresholds. Synchronous events per second (lower is better) for each method and dataset,
sweeping the fraction of the array that must cross threshold simultaneously for a sample to
count as a synchronous event: 12.5, 25, 50, and 75%. The 25% panel is the setting reported
in Fig. 6.8C. Bars mark the median across datasets and points individual datasets. Note the
differing y-axis scales across panels. DELETE consistently ranks lowest or near-lowest across
all thresholds and datasets.
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can judge that the waveform metric can fail to reliably distinguish methods by their

ability to recover physiological units.
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Figure D.4. Waveform R? dataset breakout. (Top) We reproduce the waveform R?
benchmark evaluation from Fig. 6.8B, but mark three datasets where DELETE scores below
other estimators, marked by a star, square, and triangle. (Bottom) On successive pages, we
show three sampled channels from each selected dataset under all six estimators. Channel
R? and quiet /peri-stimulation snippet counts are shown. A dash marks channels with fewer
than two quiet or two peri-stimulation snippets; unscored channels contribute zero to the
dataset average. Waveforms with flat segments reflect crossings near blanking intervals.
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D.1.5 Neurometric threshold construction and per-method

threshold correlations
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Figure D.5. ICMS neurometric methodology. (A) Construction of the neurometric
threshold for one stimulating electrode (participant P5, DELETE), from 377 stimulation
trials across 23 delivered amplitudes (2-60 pA) against 47 no-stimulation trials. Top: mean
single-trial evidence at each delivered amplitude (+1 SE, marker area proportional to trial
count) with the fitted log-sigmoid dose-response curve. The dashed rule marks the no-
stimulation level, from which the response departs at about 4 yA. Bottom: empirical AUROC
at each delivered amplitude (open markers) and the analytic AUROC of the same fit (log-
sigmoid curve), shaded with its bootstrap interval. The fit is pinned to chance at zero
current by construction. The threshold is the amplitude at which the curve reaches the 0.75
criterion, here 7.1 pA, with whiskers giving the bootstrap 95% interval on the amplitude
axis. (B) Agreement between the parametric neurometric threshold used throughout and an
empirical threshold fit directly to per-amplitude AUROCs. (C) Neurometric versus behavioral
thresholds for each denoising method, one point per electrode-day (n = 35), with vertical
bars giving each neurometric threshold’s bootstrap interval. The dashed line is unity and
the solid line the fit. These are the scatters summarized in Fig. 6.9G.
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