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Bioengineering

Neural interfaces, ranging from non-invasive scalp electroencephalography (EEG) and pe-
ripheral electromyography (EMG) to invasive intracortical arrays, hold transformative po-
tential for restoring motor and communicative independence to individuals with neurological
impairments. However, the translation of these systems from controlled laboratory settings
to robust, everyday clinical use is hindered by a universal scalability bottleneck. Across
all modalities, advances in recording hardware now permit the simultaneous monitoring
of hundreds to thousands of channels, creating a “data deluge” that overwhelms current
decoding frameworks. This expansion in feature space presents a critical challenge: clinical
systems lack the computational efficiency to process high-dimensional feature sets within the
strict power and latency constraints of portable or implantable hardware. Furthermore, the
inherent non-stationarity of biological signals—whether cortical or peripheral—necessitates
adaptive frameworks that can sustain performance over long durations without burdensome
recalibration. This dissertation establishes principled computational frameworks to opti-
mize feature selection and decoder design, effectively bridging the gap between expanding
sensor capabilities and the requirements of real-time, robust control.

First, to motivate the need for dimensionality reduction, we characterized the distribu-
tion of task information across biophysical, spatial, and spectral scales. Using simultaneous
recordings across multiple physiological scales, we demonstrated that neural feature vari-

ance is highly redundant and spatially fractured. We identified “hub” electrodes that, while



strongly correlated with broad population dynamics, often encode minimal task-relevant
information. These findings challenge the standard practice of indiscriminate feature inclu-
sion and provide the physiological justification for disentangling feature selection from task
decoding.

Second, we developed a novel framework for Adaptive Feature Selection to address
the instability of high-dimensional inputs in closed-loop settings. We demonstrated that
applying standard, static feature selection methods directly to online data frequently leads
to performance degradation due to statistical volatility. To overcome this, we introduced
a dynamic selection algorithm governed by temporal continuity constraints. This approach
autonomously identifies and tracks the informative subspace in real-time, stabilizing control
performance while significantly reducing the computational load required for decoding.

Finally, we addressed the behavioral complexity of real-world use by developing a closed-
loop decoder for Hybrid Multitasking. Moving beyond single-degree-of-freedom control,
we designed a system that enables users to simultaneously perform continuous tracking and
discrete classification. Our results indicate that participants can achieve efficient control
over these complex, interfering task demands, and that the rate of user learning is strictly
governed by specific decoder adaptation parameters.

Collectively, this thesis advances the critical transition of neural interface technology
toward scalable, “plug-and-play” architectures. By solving the dual challenges of efficient
online feature selection and robust multitasking control, this work contributes essential
methodologies for the development of high-bandwidth clinical systems capable of restoring

complex human agency.
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Chapter 1

INTRODUCTION

1.1 Development of brain-computer interfaces

Brain-Computer Interfaces (BCIs) have emerged as a transformative clinical technology,
offering a direct neural bridge to restore independence for individuals suffering from severe
neurological impairments, including spinal cord injury, amyotrophic lateral sclerosis (ALS),
and stroke [41, 97]. The therapeutic scope of BCIs has expanded rapidly to encompass the
restoration of complex motor functions—driving robotic limbs [16, 2] or reanimating para-
lyzed muscles via functional electrical stimulation [3, 10]—and the re-enablement of com-
munication through high-speed speech and handwriting decoding [93, 54]. Beyond physical
rehabilitation, the field is now traversing new frontiers in cognitive neuroprosthetics, with
emerging applications designed to modulate mood disorders and restore memory function

75, 38].

Fundamentally, BCIs restore volitional control by bridging the disconnected central ner-
vous system and periphery through a sequential signal processing pipeline. This process be-
gins with signal acquisition, where sensors transduce extracellular ionic currents—ranging
from single units to mesoscopic field potentials—into digitized voltage traces. However,
transforming these raw signals into precise control commands presents a significant com-
putational challenge. The decoding stage must navigate a massive, noisy state space,
necessitating robust feature selection to isolate the informative neural subspace and ac-
curate decoder estimation to model the complex mapping to the intended kinematic
state. Finally, this estimated state drives the actuation of an external effector to restore
patient agency. Realizing the full clinical potential of this pipeline, however, requires more
than static components; it demands a synergistic evolution across both recording hardware

and decoding architectures, as detailed in the following section.



1.2 Evolution of Hardware and Decoding Algorithms

The advancement of robust, high-performance BCIs necessitates a synergistic evolution
across signal acquisition and decoding architecture. On the hardware front, the field is tran-
sitioning from focal, low-channel count recordings to massive, distributed interfaces—such
as Neuropixels and Argo—that capture thousands of channels across multiple cortical ar-
eas [46, 85]. This “data deluge” is further compounded by a combinatorial explosion in
the feature space, where modern protocols extract multiple signal modalities—ranging
from threshold-crossing spikes to spectral power in distinct local field potential (LFP)
bands—from each individual site, effectively multiplying the input dimensionality by an
order of magnitude.

Paralleling this expansion, decoding algorithms are evolving from interpretable linear
filters to high-capacity deep learning architectures and Transformer-based foundation mod-
els capable of modeling non-linear latent dynamics [64, 94]. However, this explosion in
data availability presents a critical bottleneck for clinical translation: current decoding
frameworks lack the computational efficiency to process high-dimensional feature sets in
real-time. This limitation is particularly acute for the development of “everyday-use” BCls,
where algorithms must operate continuously within the strict power, thermal, and latency
constraints of fully implantable, mobile hardware [12, 35]. Consequently, bridging the gap
between high-channel-count interfaces and clinical viability requires the development of in-
telligent feature selection algorithms that can dynamically isolate the informative feature
space to maximize task reward rates and decoder estimation stability while minimizing the

computational burden

1.3 Tradeoff of neural signals in terms of signal quality and invasiveness

To achieve robust closed-loop decoding, the selection of a neural interface must balance
the useful signal information density against the long-term stability of the recording. Con-
temporary BCI technology is defined by a fundamental design trade-off between signal
fidelity and surgical risk, driving innovation across three distinct tiers of invasiveness. At

the highest level of performance, invasive systems such as the Utah Array and Neuralink



physically penetrate the cortex to capture the single-unit resolution required for complex,
high-dimensional motor control [53, 57]. The evolution of these interfaces has followed a
“Moore’s Law” for neuroscience, where the capacity of simultaneous neural recording dou-
bles approximately every seven years [85]. This trajectory has rapidly scaled the field from
the 100-channel standard established by the Utah Array to modern probes like Neuropixels
2.0, which now support stable, long-term recording across thousands of channels in freely

moving subjects [84].

In contrast, non-invasive systems like scalp electroencephalography (EEG) prioritize
patient safety and accessibility but face inherent performance limitations. The “skull bar-
rier” acts as a strict low-pass filter that smears high-frequency neural information, restricting
decoding capabilities to low-dimensional tasks [1]. To bridge this gap, emerging minimally
invasive solutions—such as Synchron’s endovascular Stentrode and high-density pECoG
arrays—offer a compelling middle ground. These systems allow for superior signal stabil-
ity and spatial resolution without penetrating the brain parenchyma, with modern grids
scaling to 244 electrodes to resolve fine-scale cortical maps [89]. Furthermore, modern BCI
architectures increasingly integrate peripheral muscle recordings (EMG), fusing corti-
cal intent with residual motor output to enhance decoding robustness. However, effectively
leveraging these diverse signal sources requires a rigorous quantitative understanding of
how task-relevant information is distributed across biophysical scales and spatiotemporal
axes. Simultaneously, ensuring consistent control fidelity necessitates adaptive frameworks
capable of mitigating the inherent non-stationarity of these biological signals, which often
degrade performance over time. Ultimately, this spectrum of invasiveness dictates the qual-
ity and stability of the features available to the decoding pipeline, presenting a fundamental
question of whether high-resolution, unstable signals or lower-resolution, stable potentials
provide a more effective substrate for user learning—a trade-off I evaluate through the mul-
tiscale analysis in Chapter 1 to establish the informative subspace required for the adaptive

frameworks developed in Chapters 2 and 3.



1.8.1 Spectral, spatial, and temporal distribution of task information

To maximize closed-loop decoding performance, the decoder must effectively navigate the
hierarchical distribution of motor information, which is stratified across distinct biophysical,
spectral, spatial, and temporal axes. At the biophysical level, single-unit spikes provide the
highest kinematic fidelity but suffer from chronic instability due to tissue reaction [53]. In
contrast, mesoscopic signals like Local Field Potentials (LFP) and Electro-corticography
(ECoG) offer a stable “middle ground” for chronic decoding [81]. Within these field po-
tentials, information is functionally compartmentalized: High-gamma (> 70 Hz) activity
proxies local firing for execution, while low-frequency oscillations (Delta/Theta) distinctly
encode trajectory and planning [70, 6].

Spatially, motor representations are not distinct but “fractured” and intermixed, with
significant neural variance driven by uninstructed, task-irrelevant movements rather than
the target behavior itself [76, 56]. This complexity is compounded by temporal dynamics,
where information evolves through a high-dimensional state space over the course of a
trial. Neural activity flows from “preparatory subspaces” in frontal regions into “execution
subspaces” in the motor cortex, a coordination often mediated by cross-scale interactions
between macroscale oscillations and local processing [14, 63]. Decoding these intermixed
representations requires computational frameworks—such as the multiscale and adaptive
methodologies presented in this thesis—capable of isolating task-relevant features from this

high-dimensional, non-stationary signal landscape.

1.3.2 Neural signal is non-stationary

To maintain high-quality closed-loop decoding over long periods, a BCI must be able to
handle ’signal non-stationarity’—the fact that brain signals are constantly changing, a phe-
nomenon that violates the fundamental static assumptions of standard decoding algorithms.
This instability arises from a confluence of abiotic factors, such as electrode micromotion
and reactive gliosis, which progressively alter the interface impedance and signal quality over
time [7]. Simultaneously, the system is subject to biotic variability, specifically “representa-

tional drift” and plasticity, wherein the neural population code for identical motor outputs



evolves over days or weeks, even when behavior remains stable [22, 62]. This inevitable dis-
tributional shift precipitates rapid performance degradation in static decoders, necessitating
frequent and burdensome recalibration protocols that hinder the viability of “plug-and-play”
clinical systems [45, 67]. Overcoming this degradation requires the transition from static
models to the more flexible, adaptive feature selection and decoding frameworks that form

the core of my research in Chapters 2 and 3.

1.4 Decoders are becoming more complex and more adaptive

Traditional linear decoding architectures, such as Kalman Filters, have long served as the
benchmark for clinical BCIs due to their interpretability, millisecond latency, and data
efficiency—attributes that are critical for robust operation in low-power, fully implantable
systems [42]. However, these models inherently underfit the rich, non-linear spatiotemporal
dynamics of the motor cortex, imposing a strict ceiling on decoding performance [58]. To
overcome this limitation, the field has shifted toward high-capacity deep learning models,
such as Recurrent Neural Networks (RNNs) and LSTMs, which achieve state-of-the-art
accuracy by modeling latent population dynamics and learning features end-to-end from
raw neural data [64]. Yet, this performance comes at a cost: the “data hungry” nature and
opacity of these “black box” architectures pose significant risks of overfitting and regulatory

challenges in clinical contexts characterized by sparse, non-stationary data [32, 74].

1.4.1 Adaptive decoder outperform fixed decoders

To overcome the limitations of static models, the field has increasingly adopted Closed-Loop
Decoder Adaptation (CLDA), a paradigm that consistently outperforms fixed decoders by
updating parameters in real-time to match the user’s evolving neural state [31, 62]. This
approach is critical for bridging the “open-loop gap,” as neural statistics often shift sig-
nificantly once the user actively engages in a task; by training on actual closed-loop data,
adaptive algorithms correct for these discrepancies to yield significantly faster and more
accurate control [31, 100]. Beyond immediate performance gains, CLDA is essential for
mitigating non-stationarity: while fixed models degrade rapidly due to biological plasticity

or electrode drift, adaptive algorithms (e.g., self-calibrating Kalman filters) autonomously



track these fluctuations to maintain high performance over weeks without daily retraining
[44, 12]. Ultimately, these frameworks resolve the “two-learner” problem by facilitating
principled co-adaptation, where the decoder actively assists the user by stabilizing the con-
trol manifold, thereby accelerating the motor learning curve and reducing cognitive load

62, 79).

1.4.2  Limitations of Existing Adaptive Frameworks

Despite the success of Closed-Loop Decoder Adaptation, significant barriers remain in scal-
ing these frameworks to next-generation interfaces and complex behaviors. First, a Scala-
bility Gap exists because standard adaptive decoders (e.g., SmoothBatch) rely on a pre-
selected, fixed set of neural features. As recording technologies scale to thousands of chan-
nels (e.g., Argo, Neuropixels), continually updating weights for the entire high-dimensional
feature set becomes computationally prohibitive and statistically unstable. This “curse of
dimensionality” creates a critical need for Adaptive Feature Selection methods capable
of dynamically isolating the informative subspace in real-time, discarding noise to maintain
efficiency without sacrificing control [20, 48].

Simultaneously, a Complexity Gap limits current protocols, which typically focus on
single degrees of freedom, such as simple cursor control. These systems fail to account
for “hybrid” scenarios—such as simultaneous continuous tracking and discrete classifica-
tion—where the neural representations are often entangled. In these contexts, learning one
task can disrupt the representation of the other, necessitating the development of closed-
loop coadapation strategies designed to explicitly minimize such interference and enable

robust multitasking [68].

1.5 Critical challenges

The “Curse of Dimensionality.” The shift toward high-density interfaces like Neu-
ropixels has created a “data deluge,” enabling the recording of thousands of channels but
introducing the “Curse of Dimensionality” [85]. Decoders trained on these massive fea-

ture sets with limited clinical data are prone to overfitting [18]. Furthermore, processing



this volume of data at millisecond resolution exceeds the bandwidth of current wireless
architectures, creating an urgent need for efficient online subspace isolation [29].

Neural Non-Stationarity. Compounding this scale is the inherent instability of the
neural interface. Signals drift over time due to reactive gliosis, neuron turnover, and elec-
trode micromotion, which destabilize the relationship between neural activity and motor
output [67]. Consequently, static decoders degrade rapidly. To maintain long-term via-
bility without daily recalibration, clinical systems require adaptive algorithms capable of
autonomously tracking these fluctuations in real-time [45, 62].

Real-Time Clinical Constraints. Finally, the transition to fully implantable devices
imposes severe efficiency limits. Closed-loop systems must process signals within < 100 ms
to preserve user agency [17], while implantable ASICs must operate within strict thermal
budgets (< 1°C) to prevent tissue damage [35]. These constraints prohibit the use of com-
putationally heavy deep learning models on-chip, necessitating highly efficient algorithms

to enable fully wireless, long-term use [39].
1.6 Thesis Organization

My doctoral research addresses the fundamental computational bottlenecks hindering the
translation of high-bandwidth neural interfaces into robust clinical systems. Specifically, I
focus on establishing efficient algorithmic frameworks—spanning feature characterization,
adaptive selection, and hybrid architecture design—to bridge the gap between the explosive
growth in sensor data and the strict efficiency requirements of real-time control (Figure 1.1).

First, to navigate the trade-off between massive signal density and actual information
content, I conducted a quantitative multiscale analysis of simultaneous intracortical and
electrocorticographic (ECoG) recordings. This work rigorously characterizes the spatiotem-
poral distribution of task-relevant variance, identifying the physiological boundaries of useful
information (Chapter 1).

Second, to resolve the conflict between high-dimensional feature sets and the latency
constraints of implantable hardware, I developed an Adaptive Feature Selection algorithm.
This framework enables the real-time isolation of the informative neural subspace within

non-stationary environments, ensuring stable decoding without exceeding computational



budgets (Chapter 2).

Finally, to extend BCI capabilities beyond simple degrees of freedom, I designed a Hy-
brid Decoder architecture explicitly engineered to manage task interference. This system
demonstrates how structured decoding paradigms can enable robust performance in complex
multitasking scenarios that require simultaneous continuous tracking and discrete classifi-

cation (Chapter 3).



Chapter 2

MULTISCALE ANALYSIS OF NEURAL FEATURES

2.1 Introduction

Neural signals are multiscale, requiring methods that compare activity across different phys-
iological scales. This comparison is critical because neural information is increasingly mul-
tidimensional. It is also very important to compare these measurements because ECoG is
minimally invasive, whereas intracortical recordings are invasive. A key scientific question
regarding these scales is depth-dependence. For instance, in the prefrontal cortex, local field
potentials (LFPs) in shallow layers (1 mm) contain considerably greater information than
those in deeper layers or on the cortical surface [52]. Conversely, deeper layers have been
shown to contain more information in high frequencies (> 300 Hz) [65]. Despite these find-
ings, we still do not know how surface signals quantitatively compare to signals at different
intracortical depths.

Beyond spatial comparisons, it is also important to examine temporal variability and
spectral structure in neural features. [15] showed that neural variability quenches at stimu-
lus onset. While this phenomenon is well-established in spiking activity, it remains unclear
if this reduction in variability translates to the mesoscopic scales of LFP and ECoG. Ad-
ditionally, [37] proposed that low-frequency activity (1-4 Hz) arises from intrinsic rhythms
facilitating synchronization, suggesting that low frequencies coordinate widespread networks
while high frequencies are more focal. However, a critical gap remains: we lack a compre-
hensive understanding of how this neural variability and spectral dynamics manifest across
multiple recording scales.

Understanding how signals correlate across scales requires examining the mechanisms
of network connectivity on different scales. Neural communication is thought to be gated
by Communication Through Coherence (CTC), where synchronized excitability windows

route information through specific frequency channels—typically gamma for feedforward



10

and beta for feedback signals [27, 8]. This spectrally mediated signaling naturally converges
onto functional “hubs,” establishing a small-world topology optimized for integrating diverse
computations [83, 91]. A major open question is how this frequency-specific architecture
and hub organization translates across the disparate spatial scales of simultaneous surface
and intracortical recordings.

To answer these questions regarding depth, variability, and connectivity, we leveraged a
multiscale setup and recorded data using the task paradigm of [62]. We demonstrate that
task-relevant information concentrates in shallow cortical depths, confirming that ECoG
primarily reflects superficial activity. Intracortical SC32-LFP signals exhibit higher di-
mensionality than surface ECoG, with this dimensionality dynamically changing around
movement onset, making it a potential BCI biomarker. Crucially, sparsely connected “Non-
hub” electrodes were found to be more critical for high-accuracy movement decoding than
highly-connected “Coherence Hubs,” which carry more redundant, common-mode signals,

providing key insights for optimal BCI electrode placement and feature selection.

2.2 Methods

2.2.1 Neural recording hardware and signal processing pipeline

We leveraged a custom-designed multiscale recording interface capable of simultaneous sur-
face and intracortical monitoring, as detailed in [61]. The assembly consisted of a semi-
chronic microdrive system integrated with a custom recording chamber and an artificial
dura (Figure 2.1A). This setup housed a high-density electrocorticography (ECoG) array
with 211 contacts to provide broad surface coverage. Co-registered with this surface grid
were 32 intracortical microelectrodes, which could be manually lowered via the microdrive
to target specific cortical depths. The arrays were implanted to span key sensorimotor ar-
eas, including the dorsal premotor (PMd), primary motor (M1), and primary somatosensory
(S1) cortices, positioned relative to the central (CS) and arcuate (ArS) sulci (Figure 2.1B).

Raw LFP voltage traces were band-pass filtered (0.3-500 Hz) and downsampled to 1 kHz.
Time-resolved power spectral density (PSD) was estimated using the multitaper method

[55] with a 300 ms moving window, 50 ms step size, time-bandwidth product NW = 3, and



11

ECoG data Recording ECOG

acquisition .
) Sites_ contacts
211)

microdrive
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" Intracortical
iEIectrodes
(32)
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Figure 2.1: Multiscale Recording Interface and Electrode Placement. A: A
schematic of the custom recording assembly, showing the data acquisition interface, micro-
drive, sealing components, and the artificial dura housing the ECoG array. B: Cortical map
showing the coverage of the 211 ECoG contacts (surface) and 32 intracortical electrodes rel-
ative to anatomical landmarks. The recording footprint spans the dorsal premotor (PMd),
primary motor (M1), and primary somatosensory (S1) cortices. CS: Central Sulcus; ArS:
Arcuate Sulcus. (Modified from Orsborn et al., 2014).
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K =5 tapers. The resulting PSDs were integrated into six canonical frequency bands: Delta
(0.5-4 Hz), Theta (4-8 Hz), Alpha/Mu (8-12 Hz), Beta (12-30 Hz), Low Gamma (30-80
Hz), and High Gamma (80-150 Hz) [6]. To normalize, band power was log-transformed and

z-scored relative to a 500 ms baseline period preceding the target cue.

2.2.2 The tasks

To assess signal stability, we employed a visual stimulation task where the subject viewed
a full-field white flash to elicit visually evoked potentials (VEPs); as a fundamental sensory
response, these signals were not expected to change with learning. We then implemented a
center-out reaching task [62]. Trials were initiated when the cursor (0.5 cm radius) acquired
and held a central target (2 cm radius) for 200 ms. Upon a successful hold, one of eight
peripheral targets (2 cm radius) appeared at 45° intervals, 10 cm from the center. Successful
acquisition required reaching the target within 10 s and holding for 200 ms. Trials were
separated by a 500 ms inter-trial interval, with the cursor bounded within a 20 cm square

and not reset between trials.

2.2.8 Measuring dimensionality and connectivity

To characterize the neural state space, we performed Principal Component Analysis (PCA)
on the covariance matrix to obtain the full eigenvalue spectrum (A, ..., Ay). Rather than
applying an arbitrary variance threshold, we quantified the effective dimensionality (Dppr)

using the Participation Ratio, a threshold-free metric defined as:

N N2
(éz]\ill);;) (2.1)

where )\; are the eigenvalues of the covariance matrix [72].

Dpr =

For functional coupling, we computed intra-modal (ECoG-ECoG, LFP-LFP) and inter-
modal Magnitude-Squared Coherence (MSC) between all unique channel pairs using Welch’s
method with 300 ms moving windows, yielding a normalized connectivity measure (0-1) for

each frequency band.
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2.2.4  Decoding task information via Linear Discriminant Analysis (LDA)

To quantify target-specific information, we predicted the intended reach target (one of K
locations) using trial-segmented neural features. Feature vectors consisted of either raw
LFP voltage traces or z-scored spectral power averaged within a task-relevant epoch (e.g.,
200-600 ms post-cue) to capture planning and early execution signatures. Classification was
performed using Linear Discriminant Analysis (LDA), a generative classifier that models
class-conditional densities as multivariate Gaussians with a shared covariance matrix. This
method was selected for its robustness in BCI applications with limited trial counts, as it

is less prone to overfitting than complex non-linear models [9].
2.3 Results

2.8.1 Flash trials show broad depth-dependent connectivity and signal stability

To ensure the reliability of our multiscale analysis, we first assessed the stability of neural
signals over the duration of the experiment. We analyzed Visual Evoked Potentials (VEPs)
recorded during flash trials across five separate days. The mean VEPs for surface ECoG
electrodes exhibited qualitatively similar waveforms across all sessions, preserving a consis-
tent morphology throughout the recording period (Figure 2.2A, top). Similarly, intracortical
LFP signals recorded by the SC32 probe showed consistent evoked responses across days
(Figure 2.2A, bottom). This consistency confirmed that the neural preparation remained
stable, allowing for reliable longitudinal comparisons of signal properties.

Leveraging this stability, we examined the relationship between surface and intracor-
tical signals as a function of cortical depth. We calculated the correlation coefficient be-
tween simultaneously recorded ECoG and SC32-LFP signals. We observed a distinct depth-
dependent trend in signal similarity: intracortical LEPs recorded at shallower depths (closer
to the cortical surface) exhibited significantly higher correlation with the ECoG signals (Fig-
ure 2.2B). As the microdrive electrodes descended into deeper cortical layers, this correlation
progressively diminished. This result quantifies the spatial reach of the surface recordings,
confirming that ECoG signals preferentially reflect neural activity from superficial cortical

layers.
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Figure 2.2: Stability and Depth-Dependence of Visual Evoked Potentials (VEPs).
A: Plot of mean VEP waveforms aligned to flash onset (vertical line, ¢ = 0) for a representa-
tive ECoG electrode (top) and SC32-LFP electrode (bottom) across five recording sessions
(indicated by color). The example electrode was lowered to different depths at different
days in comparison to the top plot. B: Correlation between simultaneous ECoG and SC32-
LFP signals plotted against intracortical electrode depth. Each data point represents the
correlation coefficient for a single electrode pair on a given day.

2.8.2 Dimensionality and Signal Complexity Across Scales

To characterize the information content and complexity of the neural signals, we performed
Principal Component Analysis (PCA) on the broadband signals from both ECoG and in-
tracortical SC32 recordings. We first examined the cumulative variance explained by the
principal components (Figure 2.3A). Despite the significantly smaller number of recording
sites for the SC32 probe compared to the ECoG grid (14 vs. 208 contacts), the SC32 signals
exhibited higher dimensionality; the cumulative variance curve for SC32 rose more slowly,
indicating that a greater number of components were required to capture the signal variance
compared to the ECoG. This suggests that intracortical recordings capture a more diverse,

less redundant state space than the surface recordings.

We next investigated whether this dimensionality was frequency-dependent. We calcu-
lated the effective dimensionality across canonical frequency bands (Figure 2.3B). Consistent
with the hypothesis that higher frequencies represent more localized processing, we observed

that effective dimensionality increased with frequency. Gamma (30-80 Hz) and high-gamma
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(80-150 Hz) bands displayed significantly higher dimensionality compared to low-frequency
bands. In these high-frequency regimes, the SC32 recordings consistently maintained higher
dimensionality than the ECoG, reinforcing the notion that intracortical probes capture lo-

calized neural processes that are spatially smoothed in the surface aggregate.

Finally, we assessed how signal dimensionality evolves dynamically during task engage-
ment. In visual stimulation (flash) trials, the effective dimensionality remained relatively
stable throughout the trial duration for both modalities, showing no significant modulation
by the onset of the visual stimulus (Figure 2.3C). In contrast, during the center-out reaching
task, the dimensionality exhibited distinct temporal dynamics (Figure 2.3D). Qualitatively,
the SC32 signal dimensionality expanded noticeably around the time of movement onset
(t = 0). This expansion suggests that the local motor cortex engages a larger neural state
space to execute complex movement, a feature that was more pronounced in the intracortical

depth recordings than in the surface ECoG.

2.8.8 Single electrode analyses show non-uniform distribution of task information

To quantify the task-relevant information available at different scales, we performed trial-by-
trial decoding of the reach target direction using Linear Discriminant Analysis (LDA). We
first characterized the temporal dynamics of information availability by varying the decoding
window’s start time and duration (Figure 2.4A, B). For both intracortical (SC32) and
surface (ECoG) signals, classification accuracy peaked when the decoding window started
approximately 200 ms after trial initiation. This indicates that directional motor intent is
most robustly represented in the network shortly after the movement cue/onset, with both
scales capturing this temporal “sweet spot.”

We then examined how this information is distributed across cortical depth. By plot-
ting the maximum decoding accuracy against the recording depth of the SC32 electrodes
(Figure 2.4C), we observed a depth-dependent trend: classification accuracy exhibited a
subtle decrease as electrode depth increased. This suggests that task-relevant directional
information is most concentrated in the superficial layers of the cortex, consistent with the

higher correlation to ECoG signals observed previously.
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Figure 2.3: Cumulative variance and effective dimensionality. A: Cumulative vari-
ance with increasing number of components for ECoG and SC32. Data taken from -0.6 s
to 0.6 s across the electrodes (208 electrodes for ECoG and 14 lowered electrodes for SC32)
from one example trial. B: Effective dimensionality at different frequency bands. Data from
121 trials aligned to 1.2 seconds around movement start. C: Boxplot of effective dimension-
ality around the flash on with only filtered ECoG (208 contacts) and SC32 (14 contacts)
and 121 trials. D: Boxplot comparison of effective dimensionality at different behavior time
points. The lines connect the medians at the time points.
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Finally, we mapped the spatial topography of decoding performance (Figure 2.4D). We
found that high-accuracy electrodes (“decoding hubs”) were not clustered in a single location
but were distributed across the recorded area. Notably, high-performance SC32 electrodes
(colored dots) often spatially co-occurred with high-performance ECoG electrodes (large

red circles), further linking the local and macro-scale representations of the motor task.
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Figure 2.4: Spatiotemporal Dynamics of Task Decoding. A: Classification accuracy
heatmap for a representative SC32 electrode as a function of temporal parameters. The
color indicates LDA decoding accuracy for different window start times (x-axis) and win-
dow durations (y-axis). The inset highlights the optimal window (max accuracy) occurring
around 200 ms post-start. B: Corresponding temporal optimization heatmap for a repre-
sentative KCoG electrode. C: Plot of classification accuracy vs. cortical depth. Each dot
represents a single SC32 electrode’s max accuracy; a trend of decreasing accuracy is visible
with increasing depth. D: Scatter plot of decoding accuracy for ECoG electrodes (red) and
SC32 electrodes (blue). The size of each marker is proportional to its normalized classifica-

tion accuracy.



18

2.3.4 Spectral Connectivity and the Informational Role of Hubs

To determine if the identified network topology reflects functional information content, we
first validated the spectral properties of our signals during the motor task. Both surface
ECoG and intracortical SC32-LFP electrodes exhibited distinct spectral modulation during
the movement phase. Specifically, we observed a characteristic increase in high-gamma
power synchronized with movement onset (¢ = 0) in both modalities (Figure 2.5A, B).
This shared spectral activation profile confirms that the high-frequency bands used for our

connectivity analysis are physiologically relevant to the motor execution.

Using this high-gamma activity, we constructed a functional network by calculating the
spectral coherence between every pair of ECoG and SC32 electrodes. By applying a strict
coherence threshold (> 0.8), we generated a binary connectivity map (Figure 2.5C). This
analysis revealed a non-uniform topology: a specific subset of SC32 electrodes (yellow dots)
exhibited dense connectivity to the ECoG grid, identifying them as “Coherence Hubs.” In
contrast, other “Non-hub” intracortical electrodes showed sparse or no significant coherence

with the surface, despite being located within the same cortical area.

We then tested the hypothesis that these topological hubs act as centers of task-relevant
information. We compared the target decoding accuracy of the identified Hub electrodes
against randomly sampled subsets of Non-hub electrodes using a “neuron drop” analysis
(Figure 2.5D). Contrary to the “rich club” hypothesis, the Hub electrodes (blue dashed line)
yielded relatively low decoding accuracy (= 26%). Strikingly, random subsets of Non-hub
electrodes outperformed the Hubs with as few as three electrodes (N = 3). As more Non-
hubs were added to the decoder, accuracy continued to rise significantly (up to ~ 70%).
This suggests that while Hubs are strongly coupled to the global field, they likely carry
redundant “common mode” signals. Conversely, Non-hub electrodes appear to capture
unique, localized, and high-dimensional information that is critical for decoding specific

movement vectors.
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Figure 2.5: Spectral correlation between ECoG and LFP electrodes. A: Normalized
spectrum for an example ECoG electrode as the monkey was moving the cursor towards a
target. B: Normalized spectrum for an example SC32-LFP electrode. C: Plot of connectiv-
ity map calculated from thresholding spectral coherence between every pair of ECoG-SC32
LFP electrodes. Blue and yellow dots are ECoG and SC32 electrodes, respectively. An
edge is drawn if the spectral coherence exceeds 0.8. D: Neuron drop test for the multiscale
feature selection. The blue horizontal line represents accuracy calculated using the hub
electrodes from C.
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2.4 Discussions and conclusions

In this study, we characterized the multiscale dynamics of motor cortical activity by simul-
taneously recording from surface ECoG and variable-depth intracortical electrodes. Our
results reveal three key principles of signal organization relevant to BCI design. First, we
found that task-relevant LFP information is not uniformly distributed but concentrates in
shallow cortical layers, confirming that surface signals efficiently capture superficial dynam-
ics. Second, we observed distinct dimensional dynamics between scales, where intracor-
tical variability “quenches” at movement onset to serve as a robust biomarker for motor
preparation. Finally, we identified a functional trade-off in network topology: while highly
connected “Coherence Hubs” integrate global activity, it is the sparsely connected “Non-
hub” electrodes that encode the unique, high-dimensional features essential for accurate

movement decoding.

Our analyses offer insights for BCI electrode placement strategies. The observation that
task information concentrates in shallow cortical layers suggests that for direct task de-
coding, targeting electrodes at the surface level (approximately 2000 um depth) may be
advantageous. However, a limitation is that we restricted our analysis to LFP frequencies
up to 150 Hz. We did not analyze single-unit action potentials (SUA) or signals above 300
Hz, which have been shown to contain greater information in deeper layers [65]. Conse-
quently, future work is needed to characterize SUA at these depths. While shallow layers
appear sufficient for LFP-based decoding, electrodes in deeper layers might instead serve as
information hubs, potentially functioning as monitors of “network health” to track status

changes that influence decoding stability.

Our analyses demonstrate that variability in SC32-LFP signals, as measured by dimen-
sionality, shrinks at movement onset and subsequently expands during movement execution.
This dynamic appears behaviorally meaningful: Churchland et al. (2006) showed that fir-
ing rate variability in the dorsal premotor cortex (PMd) correlates with reaction time and
reach speed, suggesting that neural activity must align within a specific subspace before
proper behavioral execution [14]. Consequently, this dimensionality shift offers a valuable

biomarker for naturalistic BCI control, which requires robust detection of the transition
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from idle to execution modes. By leveraging this biomarker to identify movement intention,
a BCI could trigger a switch to a dedicated movement decoder.

Finally, our network analysis revealed a striking trade-off between connectivity and infor-
mation content. We identified a subset of “Coherence Hubs”—electrodes with dense spectral
connectivity to the global field—that paradoxically yielded poor decoding performance. In
contrast, sparsely connected “Non-hub” electrodes were far more effective at encoding spe-
cific movement vectors. This distinction echoes recent findings at the single-neuron level,
where Finkelstein et al. (2025) identified a similar architecture in the murine motor cortex:
sparse “hub neurons” were found to be weakly tuned to task variables (such as target loca-
tion) yet strongly influenced neighboring cells, whereas precise feature encoding was driven
by locally connected, non-hub populations [26]. This convergence across scales suggests a
fundamental principle of motor cortical organization: highly connected elements likely serve
as “common mode” coordinators or homeostatic regulators—broadcasting state changes like
movement onset—while low-degree nodes maintain the high-dimensional, diverse activity
patterns necessary for precise kinematic representation. For BCI design, this implies a
counter-intuitive strategy: rather than targeting the most active or connected sites, feature
selection should prioritize sparsely connected nodes that exhibit high independence from

the global signal.
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Chapter 3

ONLINE SMOOTH FEATURE SELECTION VIA CONVEX SMOOTH
OPTIMIZATION

Si Jia Li, Lauren N. Peterson, Pavithra Rajeswaran, Leo Scholl, and Amy

L. Orsborn

Abstract

With the advancements in neural recording technologies, the number of recordings is in-
creasing; and yet there are bottlenecks in how we process the increasing number of neural
features. Feature selection methods select highly relevant and sparse sets of features. Con-
ventional feature selection methods are built on the assumption of large training data sets
and stationary feature distribution. These methods may not apply to online feature selec-
tion for neural interface learning where hardware bottlenecks exist to disallow simultaneous
streaming of multitudes of features. We propose an online feature selection algorithm that
optimizes for feature selection relevance, sparsity, and smoothness. We compared this al-
gorithm to Lasso regression for feature selection in simulation as well as in selecting offline
electrocorticography features. With an explicit goal to optimize consistent features online,
the simulation studies have shown that the smooth convex algorithm resulted in smooth

feature selections and improved simulation task performance.

3.1 Introduction

Brain-computer interfaces (BCIs) are a promising therapy to restore motor function, but
many technical challenges limit the ability to scale existing approaches, potentially limit-
ing performance. BCIs measure a subset of neural activity and translate these signals into
control commands for external devices through a decoder. BCIs that adapt the decoder
during real-time BCI use (in closed-loop with respect to the user) consistently outperform

algorithms where decoders are trained offline (in open-loop with respect to the user) in both
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linear and non-linear decoder algorithms [98, 31, 44, 95]. These adaptive frameworks also
provide opportunities for BCIs to adapt to individual users over time [87, 62, 80, 50, 79].
Existing adaptive algorithms only adapt a subset of the full transformation from neural
activity to movement because they keep the neural activity used as inputs to the decoder,
or neural features, fixed. Neural recording hardware continues increase device measurement
capacity (channel counts) [86, 43, 90, 92, 101], drastically expanding the number of neural
features that can be used as inputs to a BCI decoder [92, 43, 11, 82]. This opens new oppor-
tunities and challenges to design efficient and scalable real-time adaptive BCI algorithms.
For instance, adaptive decoding algorithms that adaptively select neural features could ulti-
mately improve efficiency given real-world hardware constraints such as data transfer rates,
network latency, and power consumption [96, 24, 47, 25, 59, 84].

Adaptively selecting the neural features used for decoding could provide advantages that
complement existing closed-loop decoder parameter training. Closed-loop decoder param-
eter adaptation has been useful for maintaining performance as neural measurements and
representations drift due to state changes [44]. Adapting neural features could address ad-
ditional changes that impact BCI performance over time, such as hardware failures and
degradation in neural recording quality [23]. Adaptive feature selection may also be bene-
ficial in cases where neural representations of movement themselves adapt due to learning.
Existing approaches for feature selection are primarily designed for offline applications and
assume stationary data distributions [9, 28], and are therefore not well-suited to address
these sources of performance variability in BCI. Offline methods are also typically designed
to leverage large datasets to optimize feature selection [34], which introduces challenges in
online, real-time BCI settings that operate in severely limited data regimes (e.g., minutes
to hours of data) [12, 49, 77]. This limited data, combined with non-stationary neural
signals, can easily lead to performance-limiting overfitting [40]. Developing online feature
selection methods will ultimately enable BCIs that can adaptively and efficiently leverage
high channel-count neural recording devices.

Online feature selection opens opportunities, but integrating online feature selection
with online decoder weight estimation introduces new complexities to BCI algorithm train-

ing. Current BCIs use offline algorithms to predetermine a fixed set of neural features
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and then use online methods to adapt the decoder weights (Figure 1A). In such systems,
decoder weights are re-estimated for all features whenever the decoder is updated, treat-
ing feature selection and decoder weight estimation computations independently. Online
feature selection changes this dynamic: the order of operations matter, resulting in two
possible strategies. One strategy is to estimate decoder weights for all available features
before selecting a subset (Figure 1B). This ensures decoder weights for all possible features
remain accurate but may ultimately be computationally expensive as channel counts in-
crease. Another strategy is to sub-select features first and then estimate weights only for
the subset of features (Figure 1C). While efficient, this approach may introduce temporal
history dependence, since estimated decoder weights may not match the selected feature
subset, potentially compromising BCI performance.

We aimed to investigate the interactions between adaptive feature selection and adap-
tive decoder parameter estimation in order to develop high-performance online adaptive
feature selection algorithms that offered a path to efficient scalability. We hypothesize that
the history dependence issues inherent in combined online decoder estimation and feature
selection could be mitigated by designing algorithms that enforce temporally consistent
feature selection. Explicitly designing algorithms that parametrically control the temporal
dynamics of selected features (e.g., gradual vs. abrupt changes) could provide principled
computational tools to balance the requirements of feature selection and decoder weight
estimation computations.

We used BCI simulations to systematically evaluate how different feature selection meth-
ods influence task performance and develop new computational frameworks for online fea-
ture selection. Using simulations with a known encoder model established a ground truth
to make straightforward comparisons between methods. We demonstrated the potential
advantages of online feature selection by showing it can maintain performance when neural
encodings shift. We also show that existing feature selection methods didn’t perform well
unless all decoder weights were estimated before features were selected, a potentially ineffi-
cient approach with scaling limitations. We addressed this by developing a feature selection
algorithm that uses computationally-efficient convex optimization to consider multiple fac-

tors in feature selection. We use this framework to show that constraints on the temporal
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continuity of selected features can eliminate the need to estimate all decoder weights, po-
tentially improving overall efficiency. We characterized our feature selection algorithms’
performance under varying neural encoding and decoding scenarios in simulation. Finally,
we tested how our algorithm performed with real electrophysiology data recorded from be-
having macaque monkeys offline to assess translation to experimental settings. Together,
our work demonstrates that enforcing temporal continuity constraints is the key mecha-
nism that enables effective online feature selection without the need for computationally

expensive full decoder estimation.
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Figure 3.1 Schematics of online feature selection approaches. A: Existing online
BCI models. The brain (encoder) generates neural activity (spikes) based on task demands.
The feature extractor extracts a wealth of neural features (Firing Rates from N neurons),

which are used to estimate decoder weights (DW) along with task information. The esti-
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mated decoder is used to make motor predictions. Diagonal arrows through the encoder and
decoder represent updates that can occur throughout the task. The features used for neural
decoding are static. B: Schematic of online feature selection by reducing the decoder size.
All features are extracted and decoder parameters are estimated for all features. Feature
selection is then performed to drastically downsize the number of decoder weights (dotted
box M < N) for predicting motor output. C: Schematic of online feature selection by re-
ducing the feature size. After all features are extracted, feature selection is first performed
to greatly reduce the number of features (dotted box). Decoder weights are then estimated

for the selected features.

3.2 Methods

3.2.1 Closed-loop brain-computer interface simulations

We used computer simulations to systematically evaluate different feature selection ap-
proaches (Figure 2). Simulations allowed us to define the properties of neural encoders and
features, and also provided a ground truth to evaluate algorithm performance in selecting

relevant features.

Simulated center-out movement task and performance metrics

We simulated a center-out reaching task commonly used in BCI control studies (e.g., [62]).
At the beginning of each trial, a central target (2 cm radius) appeared. Trials were initiated
by moving a cursor (0.5 cm radius) into the central target. After the central target was
acquired and held for 200 ms, one of eight peripheral targets appeared. Peripheral targets
(2 cm radius) were arranged in a circle around the center target, equally spaced at 45-degree
intervals 10 cm away. A target was successfully acquired if the cursor reached the target
position within 10 seconds of target appearance and stayed within the target for 200 ms.
After each successful or unsuccessful trial, there was an inter-trial period of 500 ms, after
which the center target re-appeared to begin the next trial. The cursor was not reset in
between trials but was bounded within a 20 cm square. Each simulated BCI session lasted

20 minutes. We repeated each simulation with 10 different random seeds to test robustness
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against stochastic elements such as target presentation order (Target position in T , T} in
Figure 2A), and simulated encoder noise (equation 3.1).

We quantified task performance using common BCI metrics of reward rates and cursor
error. Reward rate was calculated as the number of successful trials per minute, and captures
the overall control efficiency, as a higher rate requires both high accuracy and speed [60,
69]. Cursor path error was calculated to quantify the directness of movement trajectories
([41, 36]). For each successful trial, we defined the ideal path as a straight line from the
center of the workspace to the center of the presented target and computed the error as the

average perpendicular distance from the cursor’s actual trajectory to this ideal path.
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Figure 3.2 Simulated Encoder. A: Schematic of the simulated encoder, which maps
intended velocity into neuron firing rates. Intended velocity angle (6) was calculated using
the difference between the current cursor position (P, P,) and target position (T3, T})
(left), which then determined neuron firing rates using a cosine tuning model (middle).

Spike trains were generated using a noisy Poisson process (right). B: Histograms of cosine
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tuning modulation depths for high (blue) and low (black) signal-to-noise (SNR) encoder
populations. C: Comparison of simulated trajectories with low (black) and high (light
blue) SNR neuron populations. D: Boxplot of movement error for the last 10 trajectories
for each reach direction (Wilcoxon test, * p < 0.05, N = 10). The central mark indicates
the median, and the bottom and top edges of the box indicate the 25th and 75th percentiles,
respectively. The whiskers extend to the most extreme data points not considered outliers.
E: Comparison of coefficient of determination between neuron firing rates and intended
velocity for low (black) and high SNR (blue) neuron populations. F: Comparison of task
reward rates for low (black) and high (light blue) SNR neuron populations. For E and F,

shaded area represents standard errors around means (N = 10).

Neural encoder model

Our computer simulation used a neural encoder model to translate movement intentions
into the activity of a group of neurons (Figure 2A). The input into the encoder was the
current state of the cursor and the current movement target, which was used to generate
spike times for each neuron as outputs.

We modeled the simulated user as consistently aiming toward the current movement
target. We used a Linear Quadratic Regulator (LQR) framework to estimate the user’s
intended movement goal based on the current cursor state and target state [78, 88]. The
LQR model specifies a cost function that considers both how far the cursor deviates from
the target (the state error) and the “effort ” required to achieve the target (control effort).
Control effort is linearly proportional to the current state, which is minimized for physically
realistic movement control. We represented the cursor’s current state as a vector z; =
[Prorts Poerts Vior,ts Voerts 1], where Ppo, and Py, are its horizontal and vertical position
coordinates, Vjor and V., are its two-dimensional velocity components, and the constant
term 1 serves as a bias. The LQR controller calculates the cursor’s next desired state (z441)
by minimizing the overall cost function (see section 3.6.1).

We generated the neural activity using the velocity components of the state vector

(Nstates = D), as primary motor cortex activity is most strongly correlated with movement
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velocity rather than absolute position [30]. The neural activity was generated using a linear
encoding model [13], where the mean firing rates A, were related to the 3-D velocity subspace

Vi1 = Vhort+1, Voert+1, 1] of the 5-D state vector xy1.
)‘t = Evt+1 +w (31)

where \; € RVoewons are mean firing rates, F € RNnewrons X3 ig the encoder matrix, Vit
is the velocity-components of the state vector z;11 and w is independent Gaussian noise
w ~ N(0,diag(c)?). The encoder matrix £ can be further parameterized by the 2-D
direction and speed that results from a neuron’s firing, often described as the “preferred
direction” and “modulation depth”, respectively [30]. Given a desired preferred direction
(0;) and modulation depth (M D;), the corresponding row in F for neuron i corresponds
to [MD;sin(0;), M D; cos(6;),b;]. Neuronal firing rates, A;, were finally used to generate
discrete spike trains for each neuron ¢ with a Poisson probability mass density function:

e MY,
Pt,i(X = k) = TR :
where k represents the spike counts.

We simulated 2-D cursor control using populations of 128 neurons. We restricted the
state space to 3 dimensions (Ngates = 3) by using only the velocity components and the
baseline firing rate (Vior, Ver, 1) of the state vector x; . We created neural encoders with
varying signal-to-noise ratio (SNR) distributions. We held the firing rate noise (02) fixed
to 9 Hz and similarly fixed the distribution of preferred direction angles (6;) fixed to a
uniform distribution from [0 360] degrees. SNR was manipulated, then, by changing the
modulation depths (MD), which were sampled from bi-modal Gaussian distributions: one
sub-population of neurons with large MD (center frequency 100 Hz, standard deviation 3 Hz)
and a second sub-population with comparatively low MD (center frequency 50 Hz, standard
deviation 3 Hz). We tuned the relative proportions of the low and high MD subpopulations

with a parameter o (Figure 2B):

Nhigh MD = aNneurons

Nigw MD = (1 - Q)Nneurons
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where increasing « included more high SNR neurons in the population.

We used an adaptive Kalman Filter decoder (see section 3.2) to compute cursor trajec-
tories resulting from simulated neural activity. We then confirmed that our SNR manipu-
lations in the encoder influenced decoding performance as expected by comparing task per-
formance when using encoders with high and low SNR populations (Figure 2D-F). Trajec-
tories from the high modulation depth population were significantly straighter (Figure 2D,
Wilcoxon test, p < 0.05, N = 10). We also quantified the task relevance of the neural pop-
ulations by computing the coefficient of determination (R?) between the intended velocity
and firing rates, which confirmed that the high SNR population carried more information
about the intended directions (Figure 2E). The high SNR population also achieved higher
reward rates (Figure 2F).

We used our ability to manipulate encoder properties to systematically evaluate different
feature selection algorithms in different encoder scenarios. We first tested a stationary
encoder, where the encoder matrix (E) remained the same throughout the simulation. We
then evaluated how well algorithms tracked encoder changes using simulations with a non-
stationary encoder. BCI experiments involve encoder changes on many timescales with
different underlying causes (e.g., learning that may occur slowly, versus hardware-related
changes in neural measurement that can occur abruptly). As an extreme challenge for our
algorithms, we focused on testing an edge case of a discrete, sudden, large encoder change.
We started with one encoder (containing a mix of high and low modulation depth neurons
as described above). After 5 minutes, we then changed the encoder by randomly shuffling
the rows of the encoder matrix. This manipulation allowed us to control for the overall
distribution of modulation depths, and therefore encoding information within the ensemble,

while disrupting the relationship between the decoder and the encoder.

Neural Decoding

We decoded Poisson neuronal spike trains using a linear Kalman Filter (KF) trained on
neural firing rates, a widely used approach for intracortical BCIs [99]. Discrete spike trains

P; were translated into estimated firing rates (y; € RNfeatsX1) by counting spike events
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within non-overlapping time intervals (100 ms). These neural features were input to the KF
to predict the cursor state, z;. We adopted a position-velocity KF model [60, 80], which
models the position and velocity of the cursor (in 2 dimensions): x; = [py, Py, Vs, vy, 11 €
RNstate X1 where p, and py are the horizontal and vertical components of the cursor position,
respectively, and v, and v, are the horizontal and vertical components of the cursor velocity,
respectively.

The KF makes predictions by combining inferences from two linear models. One model

describes how states evolve over time (state transitions):
xp = Axp_ 1 +w, w~N(0,W)

where A € RNVstateXNstate and o € RN¥state, The matrix A was designed so that the cursor
velocity was integrated into the cursor position, and the velocity decayed by 0.8 (without
neural input) at each timestep, as in prior work [62, 20].

The second equation of the KF model describes how observed neural activity relates to

the states:

yt:C$t+q, qNN(OvQ)

where C' € RNVteatsXNstate defines the relationship between the cursor state and neural fea-
tures, and @ € RMVteatsXNeeats ig the neural feature covariance matrix. At each time point,
both the neural feature measurements (y; € R™VfeatsX1) and the prior cursor state were used
to update the current cursor state using standard KF methods[99].

The KF’s state transition matrices (A and W), representing cursor dynamics, were fixed
[60]. The observation model matrices (C and @) were initialized randomly and re-estimated
online using the data from each training batch. Each batch consisted of 10 seconds of the
intended velocity and concurrent neural measurements, sampled at 10 Hz for a total of
100 data points (N7, = 100). We chose this batch size to evaluate performance in a rapid
adaptation regime with limited data availability [12, 19, 78].

For each data batch, we updated the observation model parameters (C' and Q) by first

regressing the neural spike rates (Y € RMeatsXNL) against the intended velocities using
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maximum likelihood estimation:

C=vxT(xxT)-1
~ 1 A A T
Q= N—L(Y CX)(Y — OX)

After we obtained batch-estimated parameters, we updated the KF observation model using
an exponential weighting of the new estimates of C and @ and the previous estimates (C;_1

and @;_1), following SmoothBatch closed-loop decoder adaptation [60, 19].

Ci=(1-p)Ci_1+pC
Qi=(1-p)Qi_1 + pQ

Where p controls the fraction of previous batch-estimated KF observation parameters
carried over to the new decoder parameters. It can be considered the half-life of the old

decoder parameters [20].

3.2.2  Online feature selection methods

Adding online feature selection to existing BCI systems requires considering how feature
selection coordinates with decoder weight estimation because it introduces dependencies
between the two computations (Figure 1). We illustrate the details of these dependencies by
showing the relationships between the encoder, selected features, decoder weight estimation,
and cursor prediction over time (Figure 3A) for four different adaptation algorithm schemes
(Figure 3B-E). The encoder in this toy example consists of three high SNR neurons and one
low SNR neuron (circles). We illustrate online update computations for feature selection (F',
black squares) and/or decoder weight estimation (D., dark pink squares) using algorithms
that follow temporal rules consistent with those used in our study, like SmoothBatch [60, 62,
20, 80]. F and/or D, computations are based on batches of data (10 s duration) and occur
after each batch. This produces a time-series of features and decoder weight matrices for
each batch B, F;, and D.,. The feature weight matrix and decoder weight matrix at batch
n (Fy, and D, p, respectively) are estimated based on the data (intended velocity and firing

rates) in the prior data batch, B, —1. The final decoder weight estimates (e.g., calculated
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using 3.2) are used to generate the cursor prediction, D,, (light pink squares). Within each
batch, the neural decoder predicts a new velocity every 100ms (10 Hz). The cursor position
is updated every 16ms (60 Hz) by integrating the most recent velocity prediction from D,,

In the absence of online feature selection, all features are selected, and all decoder
weights are estimated at each batch update (Figure 3B). Without feature selection, the size
of the decoder, as well as the relationship between estimated decoder weights and features,
does not change over time. This scenario removes any temporal history dependence and
any dependence between the feature selection and decoder weight estimation calculations.
Algorithms that perform feature selection after decoder weight estimation have similarly
simple relationships between features and decoder parameters (Figure 3C). To distinguish
this from other approaches, discussed below, we term this approach “Full decoder estimation
with Feature Subsets” (Full D for short). While this approach simplifies feature—decoder
relationships, this approach may ultimately limit the ability to leverage computational effi-
ciency opportunities provided by feature selection as feature sizes increase.

Introducing feature selection before decoder weight estimation may ultimately provide
opportunities for improved computational efficiency, but complicates the relationship be-
tween features and decoder parameter estimates. We call this approach “subset decoder
estimation” (Sub D), illustrated with two example algorithms where two of the three high
SNR features in the encoder are selected (Figure 3D, E). Both approaches first select fea-
tures and then estimate decoder weights for this subset of features to compute D ,. At
the first batch update B, the feature selection algorithm may pick the first two high SNR
features (F} and Fy), which are then used for decoder estimation and cursor prediction. In
the next batch, the first algorithm (Figure 3D) optimizes only for selection of high SNR
features and picks a different set of two features (e.g. Fy and F3). In this scenario, the
newly selected feature (F3) was not updated in the previous batch of data. The associated
decoder weight is therefore “out of date,”.

We hypothesized that ”"out of date” decoder weights would compromise cursor pre-
dictions, and therefore developed an algorithm for online feature selection that explicitly
considers the temporal history of selected features over time (Figure 3E). This algorithm

incorporates an explicit objective to select consistent features across batches alongside the
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objective to maximize the predictive power of selected features that is used for offline feature
selection. This multi-objective cost function provides the potential to balance trade-offs be-
tween decoder estimation accuracy, which benefits from stationary feature selection, with
the need to dynamically select features when encoders change. For example, the algorithm
could be tuned to minimize the likelihood of selecting features with “out of date” decoder
weights unless the feature priority changes significantly. We termed this objective the “tem-

poral continuity constraint” (TCC).
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Figure 3.3 Coordination between feature selection and decoder estimation. Top
row A: Schematic of batch update schedules and illustration of feature selection and decoder
computations. B,_; and B, are batch updates at steps n — 1 and n, respectively. The

encoder (F) has 3 high and 1 low SNR features. At each batch update, decoder weights



36

are estimated at a rate of 0.1 Hz (every 10 seconds) (De, decoder estimation). The decoder
predicts movement output at a rate of 60 Hz (every 16 ms) (D, decoder prediction). In
this example, three neural features were selected for decoding. B and C: Schematics
of feature selection and decoder computations for algorithms that perform full decoder
estimation. B: Schematic of no feature selection. Parameters are estimated for all features
(4 features in the encoder E, blue circles; 4 estimated decoder parameters De, purple
squares), all features are “selected” (F, black squares), and used for cursor prediction (D,
pink squares) at each time-step, and decoder parameters update between batches (B,
and By,). C: Schematic for full decoder weight tracking, followed by feature selection. All
decoder weights are estimated at every time-step but only a subset of features are used to
predict cursor prediction. Small downward arrows indicate positional caching of previously
used features (“decoder caching”). D and E: Schematics of feature selection and decoder
computations for algorithms that perform subset decoder estimation. Features are selected
first before decoder weights are estimated and before decoder prediction. D: Schematic
of subset decoder estimation without any constraint on feature temporal continuity. E:
Schematic of subset decoder estimation with a feature temporal continuity, represented by

an arrow between the selected features on two batch update steps.

Applying existing offline feature selection algorithms online

We explored using existing feature selection algorithms commonly used in offline applications
for online adaptive feature selection. We used LASSO as an example, and implemented
it for both Full D (LASSO Full D, Figure 3C) and Sub D approaches (LASSO Sub D,
Figure 3D). The LASSO feature selection algorithm solves for a feature weight matrix
Wﬁ ASSO € RNeeats X Nstates which trades off the objectives of selecting relevant vs. sparse
features. The feature relevance objective is to minimize the mean-squared error between
observed firing rates (Y € RV2*Neeats | where Nz, € R is the number of samples in a batch)
and model-estimated firing rates (the product of intended velocity, X*¢ € RN*Nstates  and
the transposed feature weight matrix, W) at each batch. The sparse features objective is to

minimize the size of the feature weight matrix calculated with an L1 norm. The weighting
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of these two objectives is controlled by a hyperparameter (a; € R):

. _ 1 . .
Wi agso = argwr/mn {2]\7[, HYZ — XZWTHi + o ||W||1}

After computing the optimal W for this cost function, discrete feature selection is typically
implemented by applying a threshold, ©;, to the row norms of the feature weight matrix,
HW(LASSO,i,:)H2> producing a binary feature vector (6;). A larger LASSO regularization
parameter (o;) increases feature sparsity. While this can improve generalization across
online data batches by selecting only robust features, it may also reduce the decoder’s

overall predictive power.

Determining the optimal value for the sparsity parameter (a;) is a key challenge in
LASSO [40]. In offline feature selection, data is abundant and Ny > Neats, and «; is
typically determined by standard cross-validation procedures. In the online case, N; <
Nfeats and the optimal a; parameter is not generally unknown a prior. This uncertainty
complicates cross-algorithm comparisons. We therefore set a; based on the number of
selected features for a fixed threshold value ©;. Specifically, we set a; = 10 and ©; = 1,
which corresponded to roughly 50% of all features being selected on each batch. We ranked
the features based on their decoder weight magnitude, then selected the top Ngelect = 64

features.

We implemented LASSO Full D by using all features to estimate decoder weights at each
batch update. In the feature selection step, relevant subsets of features were selected using
LASSO. Once features were selected, the relevant weight estimates were extracted from the

fully-estimated decoder matrix to generate cursor predictions.

We implemented LASSO Sub D by using LASSO to select a subset of features from
the population at the beginning of each batch. Instead of estimating all decoder weights,
we simply reused previously estimated (cached) weights on newly selected features in each
batch. If there was no previous weight, new feature weights were estimated and used to
generate cursor predictions. For a summary of the LASSO Sub feature selection algorithm,

see section 3.6.2.
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Online feature selection by regularizing feature set temporal history (TCC algorithm)

The LASSO subset decoder estimation (LASSO Sub D) algorithm only optimizes objec-
tives related to feature relevance and sparsity without considering the temporal evolution
of selected features. This could produce variation in selected features over batches due to
estimation imprecision, particularly in regimes where data batches are small to facilitate
rapid adaptation. If feature selection and decoder estimation are performed uncoupled,
variability in which features are selected across batches will reduce the currency of decoder
weight estimation, which we hypothesized could impact overall BCI performance. We there-
fore propose incorporating additional objectives that allow a feature selection algorithm to
consider the features selected across batches — the feature set temporal history. We devel-
oped a novel algorithm that uses a dual-objective cost function to flexibly optimize both
task-relevance of features and temporal continuity across selected feature sets, which we
call the Temporal Continuity Constraint algorithm (TCC). This flexible framework pro-
vides parametric control of factors that are relevant for online feature selection, which may

prove useful in ultimately optimizing online BCIs with adaptive neural features.

One way to add a temporal constraint would be to modify the cost function used to
compute the LASSO weight matrix (denoted as Wiasso in Equation 1) to consider an ad-
ditional term. This approach, however, somewhat undermines the goal of selecting discrete
features, as it still requires down-stream thresholding (0;). We therefore chose to directly

optimize the binary feature selection vector § € RNeatsX1 ( < Oim < 1.

We constructed a multi-term cost function to optimize the feature selection vector. The
cost function term optimizes for task relevance by maximizing the negative log-determinant
of the weighted Fisher Information Matrix: — logdet(CY Q;l@Ci). The weighted Fisher
Information Matrix quantifies the task information captured by neural features (selected
via © = diag(6;)) while accounting for the measurement model (C;) and noise precision
(Q;l) (Note that minimizing the negative log-determinant ultimately aims to maximize
task information.) We impose our new feature temporal continuity constraint with a second
term that captures the similarity between successive feature selection vectors, 6; and 6,41,

formulated as: (67 -6;_1). The total cost function weights the temporal constraint, relative
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to the task relevance constraint, by a scalar u. We further apply a cardinality constraint,
B € R, on the number of features to enable discrete selection of a desired number of features.

Together, the TCC algorithm cost function is given by:

min  — logdet(CY Q;1OC;) — bl 6; 4
b (3.2)
st. 0<6;,,<1AND ¢1<B

This algorithmic formulation provides both interpretability and computational tractability.
The (p) parameter can be shown to define the length of time a batch update remains
influential for feature updates (the half-life), akin to similar temporal considerations in
adaptive decoder parameter update algorithms [20]. The overall objective function is also
convex in 6, rendering the optimization problem computationally tractable and well-suited
for real-time applications. For a full derivation, see section 3.6.3.

The objective function allows flexibility to incorporate additional temporal constraints,
such as consistency across multiple successive batches. We implemented this by developing
an extended formulation that compares the current feature vector, 6; with k prior feature
vectors, 6;_1,...,0;,_1, where k defines the temporal window being considered. We incor-
porated exponential weighting, p, to discount scores as temporal recency decreases. This

produces an extended cost function formulation:

min  —log det(C; Q10,C;) — b} [91—1 Hifk}

(3.3)

st. 0<6;,,<1AND ¢/1<B
Similar to LASSO, the TCC algorithm has a hyper-parameter — the temporal continuity
constraint, 1 — whose optimal value might be unknown a priori. Based on adaptive decoder
parameter estimation work, adjusting this parameter may also be needed depending on
specific experimental goals and application use-cases. We leveraged our simulations to
systematically explore how TCC parameters impact algorithm performance (see Results).
To focus our exploration, we restricted our testing to settings where the number of features

remains constant over time and where features are significantly pruned (Ngelect < Niotal)-
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Decoder weight caching

A significant bookkeeping challenge arises when the set of selected features changes across
batches, since features must ultimately be matched with downstream decoder parameters
(see Figure 3). Across all algorithms we test, we addressed this by maintaining a persistent
mapping between each neural feature and its decoder parameters over time. We refer to
this process as “decoder weight caching”. This procedure ultimately requires storing feature
identities and decoder weights in consistent columns, as depicted in Figure 3. When the
feature set is updated, weights for re-selected (intersecting) features are reused, weights for
newly selected features are initialized, and weights for deselected features are preserved for

potential future use.

Decoder caching notably simplifies the feature selection and decoder parameter estima-
tion problem in adaptive decoding by preventing mis-matches between features and pa-
rameters. Empirically, we found that this caching was critical for applications like those
explored here, where feature selection and decoder estimation algorithms were initialized de
novo (i.e., with no initial training data). Consequently, we include caching in all our ap-
proaches to provide a realistic baseline and fairly highlight the strengths and weaknesses of
each algorithm. We recognize, however, that caching has important implications for overall

system design and computational efficiency (see Discussion, section 3.4).

8.2.8 Metrics to quantify online feature selection performance

Our primary objective was to develop online feature selection algorithms that enhance BCI
performance when initializing a system de novo. We therefore compared our algorithms
using a variety of metrics to quantify task performance and decoder parameter estimation
accuracy. Motivated by our hypothesis that temporal continuity of selected features influ-
ences performance, we also compared algorithms using metrics to capture feature selection

similarity over time.



41

Feature selection smoothness (Jaccard Similarity)

We quantified the similarity of selected features across batches using the Jaccard similarity,
a discrete analogue to the correlation coeflicient for continuous variables. For two adjacent
feature selection sets S;_1 and S;, the Jaccard similarity coefficient is calculated as the
size of the intersection (i.e., common features) divided by the size of the union (i.e., total
features across the two batches):

. |Sl N SZ;1|

Ji(s’ia Sz‘—l) = m

and using the feature selection vector from above,

J(0;,0;-1) = 0 i 7 (3.4)
10il[1 + [10i-1]]1 — 07 0:—1

FEncoder-decoder error

We quantified decoder parameter estimation error by computing the difference between the
(known) neural encoder parameters and the corresponding estimated decoder parameters.
We specifically calculated the angular error via the cosine similarity between corresponding
rows of two matrices (i.e. the decoder matrix and the encoder matrix E in equation 3.1 and

C' in equation 3.2).

3.2.4  Offline validation using electrocorticography (ECoG) features

We aimed to compare the algorithms’ performance using real neural data. We used neural
recordings from an array of micro-electrocorticography (tECoG) electrodes implanted in a
non-human primate to validate our simulation results. We trained a non-human primate on
a delayed center-out-reaching task as we recorded neural data [63]. As the animal performed
the task, the position of its right hand was tracked using a marker-based camera system
(NaturalPoint, Inc., Corvallis) and used to control a cursor during the task. The monkey’s
horizontal and vertical hand positions were mapped to control the horizontal and vertical
cursor position on the screen, respectively. The monkey was rewarded when the cursor

entered and successfully held the at the peripheral target for 200 ms. We aimed to select



42

neural features offline that encoded the monkey’s intentions to drive the cursor using his
arm movements.

We recorded field potential signals from a yECoG array with 244 electrodes implanted
sub-durally covering portions of three pre-frontal motor cortical regions (primary motor
cortex, M1; dorsal premotor cortex, PMd, and dorsolateral prefrontal cortex, DLPFC). We
extracted neural features from five frequency bands (§: 0-4 Hz, 6: 4-10 Hz, 3: 12-30 Hz,
v: 30-80 Hz, ~v,: 80-150 Hz) at a rate of 10 Hz. We extracted features from 236 out of
244 total electrodes based on signal quality, resulting in 1,180 features. Unlike the neuron
firing rates in the simulation, the pECoG features were normalized individually for each
feature before use in feature selection and decoding algorithms, to account for amplitude
differences across frequency bands. Raw neural and behavioral data was temporally aligned
with cursor positions during data acquisition and cursor positions were downsampled (to
10 Hz) offline to maintain alignment with neural features. Full details on task training,

electrode placement, and recording hardware can be found elsewhere [63].

3.3 Results

3.8.1 Online feature selection improves task performance with non-stationary encoder

We first used our BCI simulator, where the neural encoder properties were known and
could be manipulated arbitrarily, to build intuitions for the potential benefits of online fea-
ture selection in the presence of non-stationary neural encoders. We created a simulated
neural encoding with a sub-set of relevant neural features and included a large, discrete en-
coding change (see methods, Neural Encoder Model) (B). We then decoded the simulated
population with an adaptive Kalman filter equipped with two different feature selection
algorithms that reflect a worst case and best case. Specifically, we compared a worst case
constant feature selection (Figure 4C) with a best case oracle feature selection algorithm that
had perfect knowledge of the most informative neural features (Figure 4D). As expected,
the oracle adaptive feature selection algorithm yielded higher task performance (measured
by reward rates) in the presence of non-stationary neural encoding (Figure 4E). Improved

task performance also corresponded to increased feature relevance after the neural encoding
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changed (Figure 4F). Finally, we measured the stability of feature selection across batches
using the Jaccard similarity metric (see Methods). The constant feature selection method
yielded a Jaccard similarity of 1, as its feature set was fixed. The Oracle method’s fea-
ture set also remained stable when the neural encoder was stable, with a transient change,
producing a corresponding decrease in the Jaccard similarity, that tracked the shift in the
neural encoder (Figure 4G). These best-case (Oracle) and worst-case (Constant) algorithms,
thus, demonstrated the potential benefits for adaptive feature selection when neural encod-
ings changed and provide an upper bound on achievable performance for adaptive feature

selection algorithms.
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Figure 3.4: Online feature selection with perfect neural encoding knowledge. A:

Cartoon of encoder (E) shift with constant feature selection (left) and oracle feature selection

(right). The neural encoder changed at 5 minutes. With constant feature selection, a fixed

feature set is used, whereas the Oracle feature selection chooses the optimal features based on

encoder knowledge. B: Example heatmap of the changing encoder. Features ranked by their

initial SNR for visualization. The labels ‘High’ and ‘Low’ denote the current SNR of each
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neuron. C: Example heatmap of constant feature selection. The first 32 neurons were always
selected. D: Example heatmap of the Oracle feature selection scheme. E: Comparison of
reward rate over training time for constant (dark orange) vs. oracle (light orange) feature
selection schemes. F: Comparison of feature selection relevance for constant (dark orange)
vs. oracle (light orange) feature selection schemes. G: Comparison of smoothness for
constant (dark orange) vs. oracle (light orange) feature selection schemes. For panels E,
F, and G, shaded areas represent the standard error around the mean, calculated from

simulations using 10 random seeds.

3.8.2  Full decoder weight estimation improved subset feature selection

We next evaluated how existing feature selection algorithms performed in online settings.
We used the Lasso feature selection Algorithm (3.6.2) as an example algorithm. We applied
Lasso feature selection in small batches to adapt features in real-time. We then performed
BCI simulations with either a stationary or non-stationary encoder (Figure 5, left and right
columns, respectively). We first applied Lasso feature selection before estimating decoder
features (Lasso Sub D). Using this approach resulted in notably worse task performance
compared to an adaptive decoder with Oracle feature selection, regardless of encoder dy-
namics (Figure 5 B and F, respectively). Importantly, we found that, when applied online,
the Lasso algorithm selected highly variable features over time regardless of whether the en-
coder was stationary or dynamic, yielding smoothness values far below 1 (Wilcoxon Signed
Rank Test, 6e-18 for Lasso Sub D) (Figure 5C and G, respectively). Variability in the
selected features, in principle, should not lead to reduced decoding performance if decoder
parameters are estimated accurately for each feature. We hypothesized that the suboptimal
performance we observed in Lasso was due to poor decoder estimation, as opposed to a fail-
ure of feature selection. Comparing the encoder and decoder parameters, indeed, highlights
that Lasso Sub D led to a large estimation error (Figure 5D and H, respectively). Moreover,
Lasso Sub D also failed to mitigate neural encoding non-stationarity since decoder weights
for previously unselected features were inaccurate (see Figure 5H). These findings highlight

that Lasso Sub D failed to extend to online settings due, in part, to coupling between the fea-
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ture selection and decoder estimation computations. We therefore explored whether Lasso
feature selection algorithms could succeed when the order of computations changed to bet-
ter de-couple feature selection and decoder estimation (Full decoder estimation approach,
Figure 1B). Subset feature selection with full decoder estimation (Lasso Full D) resulted
in better performance compared to Lasso Sub D, on par with performance with “Oracle”
feature selection (Figure 5 B and F). Even with full decoder estimation, the lasso algorithm
selected variable features from batch to batch (Figure 5 C and G). However, changing the
order of feature selection and decoder estimation allowed for more accurate decoder estima-
tion (Independent two-sample t-test, p j 0.05, N = 10, Figure 5D and H). Together, these
results suggest that the interactions between decoder estimation and feature selection can
lead to suboptimal performance when applying established algorithms designed for offline
applications in an online setting. We further showed that these shortcomings can be offset
through algorithms that serve to de-couple the computations (Lasso Full D), which present

potential computational trade-offs.



Stationary Encoder
A 0 Encoder Sub D. Full D.

_
o
o

Features
H]h

0 5 10 15
Time (min) M Selected [] Unselected

(o))
o

Reward rate @
(rewards/min)

'3

Features

—_

Reward rate 1!
(rewards/min)

-
o

Smoothness
o
[¢)]

o
o

0 5 10 15 20

C

»n 1.0

(%]

[}

£

3505

o

£

?0.0

0 5 10 15 20
Time (min)

D
E —

o o
S o
g 10 1
L2 5 + &
gui
c
w Sub D. Full D.

47

Changed Encoder

Encoder Sub D Full D

0 5 10 15
Time (min)

0 5 10 15 20
Time (min)

—— Sub D. — FullD

Figure 3.5 Feature selection performance for subset decoder tracking (Sub D)
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center-out task reward rate for Sub. D. (brown), Full D. (golden), and Oracle (purple)

feature selection schemes. Dotted box indicates the data window used for the encoder-

decoder error calculation in D. C: Comparison of feature selection smoothness for Oracle

(yellow), Sub. D (brown), and Full D (orange) feature selection schemes. D: Boxplot of
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Encoder-Decoder error. The central line indicates the median, the box edges represent
the 25th and 75th percentiles, and the whiskers extend to 1.5x the interquartile range.
Average of all features and batches after feature selection started in the last 5 minutes
(dotted box in panel B, Independent two-sample t-test, p < 0.05, N = 10). Panels E-H:
Changed encoder, formatted the same as in A-D. For F and G, dashed line boxes show
the time during and after encoder change. H: For panels B, C, F, and G, shaded areas
represent standard errors around the mean, calculated from 10 simulations with random

seeds. Boxplot of Encoder-Decoder error during (left) and after (right) the encoder change.

3.8.8 Temporally constraining feature selection improves task performance

Full decoder estimation (Lasso Full D) performed better than estimating decoder estima-
tion for subsets of features (Lasso Sub. D), likely due to the inherent coupling between
decoder estimation and feature selection in online feature selection. However, estimating
all decoder weights may be a less efficient algorithmic approach that scales poorly as the
number of possible features grows. We hypothesized that algorithms designed to address the
relationship between decoder estimation and feature selection by explicitly considering the
temporal evolution of selected features could provide improved performance and alternative
computational trade-offs. We formulated a convex feature selection algorithm with an ex-
plicit temporal continuity constraint (TCC; equations 3.2 and 3.3) and tested the algorithm

on the same stationary and non-stationary encoder scenarios explored with Lasso.

We first applied the TCC subset decoder estimation feature selection (TCC Sub D) algo-
rithm to the stationary encoder (Figure 6A-D). The algorithm’s objective function allowed
us to parametrically tune the weight (i.e., prioritization) of feature selection temporal con-
tinuity, relative to maximizing the information of selected features, via the hyper-parameter
w (Larger values of p prioritizes selecting smooth features). Increasing p led to higher re-
ward rates (Figure 6B). As expected, a larger p also resulted in the algorithm selecting
more consistent features from batch to batch (Figure 6C). We further found that increasing
1 brought the feature decoder weights significantly closer to their corresponding encoder

weights (Page trend test, p < 0.05 for TCC p = 0,0.125, and 0.25 Figure 6D). This sug-
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gests that the temporal constraint on features improved task performance via improving
the ability to estimate decoder weights.

While the TCC Sub. D algorithm provides avenues to adapt selected features indepen-
dently from decoder parameter estimation, temporal constraints on the selected features
may introduce trade-offs in the algorithm’s ability to optimize selected features. For exam-
ple, our algorithm initialized the selected features randomly. At sufficiently large values of
1, the algorithm would ultimately maintain those randomly chosen features, likely leading
to sub-optimal performance. We indeed see evidence of this trade-off: the reward rate and
decoder estimation accuracy showed non-monotonic relationships with pu, increasing until
p = 0.25 and then decreasing for p = 0.25 (Figure 6B and D).

Trade-offs between selecting optimal versus consistent features may particularly limit
the algorithm’s ability to track encoder changes, which is a key motivation for adaptive
feature selection. We used our changing encoder simulation to evaluate the TCC Sub. D
algorithm’s ability to track dynamic encoders. We observed a similar pattern overall, where
increasing temporal constraints improved reward rates and feature smoothness (Figure 6F
and G, respectively). Importantly, this pattern was present both before and after the
encoder change. Immediately after the encoder change, performance and smoothness show
transient decreases that gradually return to approximately the pre-change values. The
decoder estimation accuracy (similarity between encoder and decoder weights), both before
and after the encoder change, showed a non-monotonic relationship with x (Figure 6H),
similar to our observations for the static encoder simulations. Together, these results suggest
that TCC Sub D can track discrete encoder changes, and that the u hyper-parameter
provides a means to balance trade-offs between potentially competing goals in adaptive
feature selection and decoding architectures.

The TCC Sub D algorithm also provides the means to parametrically control the number
of selected features (in equation 2). This may be particularly useful because the optimal
number of selected features may not be known a priori. We used our algorithm to systemati-
cally explore the relationship between the number of selected features and task performance.
We created a simulation with a stationary encoder where half of the features had high SNR

(64 of 128 total neurons) and then varied the number of selected features and the temporal
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continuity constraint (u) used in TCC Sub D. As expected, task performance improves as
more features are used for decoding (Figure 7A). However, the relationship between task
performance and selected features varies with the temporal constraint parameter u. For all
but the lowest p, performance began to plateau at or below half of all features, which corre-
sponded to the proportion of features that are high SNR. As observed before, increasing u
led to smoother selected features (Figure 7B). This analysis also highlights interactions be-
tween the temporal constraint and the number of selected features. For instance, temporal
constraints have less influence as the algorithms select more features because the possible
variability of selected features decreases towards zero as you select more features. Pool-
ing across all simulations, we observed a positive correlation between task reward rate and
feature selection smoothness (Pearson correlation test, R?> = 0.94, N = 32, Figure 7C).
These findings highlight the potential benefits of adaptive feature selection algorithms with
parametrically tunable temporal constraints for BCI applications where significant feature
reduction may be needed.

The above analyses highlight that the fraction of useful neural features among all possi-
ble measured features may also influence the performance of our adaptive algorithms. This
fraction would similarly be unknown a priori in BCI applications. We ran an alternate
variation of our simulation where we systematically varied the number of high SNR neurons
within the population while controlling the total population size, thus manipulating the
fraction of useful neural features (Figure 7D). In all cases, the TCC Sub D algorithm was
set to select 25% of the total neural features while we varied the temporal constraint pa-
rameter . As expected, smoothness of selected features increased as p increased, but was
not significantly influenced by neural encoding properties (fraction of high SNR neurons)
(Figure 7E). Reward rates across the simulations similarly showed the expected relationship
between task performance and pu, but also revealed additional interactions with algorithm
parameters (Figure 7F). Potentially counter to intuitions, the presence of more relevant
features in the population did not always lead to better task performance. Instead, task
performance peaked or began to reach a plateau when the number of high SNR features
was the same as the number of features selected by the algorithm (25%). This phenomenon

likely reflects the inherent interaction between feature selection consistency and decoder
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estimation, because it was most prominently observed at intermediate values of u (e.g.,
0.125). Indeed, this demonstrates a scenario where having more relevant features within
a neural population diminished task performance because it increased the variability of
selected features over time. Increasing the temporal constraints within the algorithm, how-
ever, was able to mitigate the sensitivity of feature selection algorithms to the underlying
neural population properties, leading to improved performance as the fraction of high SNR

neurons increased.
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Figure 3.6: Performance of the temporal continuity constraint algorithm (TCC).
Panels A—D: Stationary encoder. A: Example simulation under a stationary encoder. The
weight distribution of the stationary encoder (left) remains the same across time. “High”
and “Low” represent high and low SNR neurons respectively. Two coefficients of temporal
continuity (u) resulted in different dynamics of feature selection over time (middle and
right). B: Comparison of task reward rates at four temporal continuity coefficients (u
increases as shading gets darker, see legend). Dotted box indicates the data window used for
the encoder-decoder error calculation in D. C: Comparison of feature selection smoothness
for four temporal continuity coefficients. D: Boxplot of Encoder-Decoder error (degrees)
after the encoder change for varying Temporal Continuity Constraint (TCC) weights and
the Oracle baseline. The central line indicates the median, box edges represent the 25th and
75th percentiles, and whiskers extend to 1.5x the interquartile range. The encoder-decoder
errors were averaged over the 10 simulations for each smoothness coefficient in the last 5
minutes of each simulation trial (dotted box in B). Page trend test, p < 0.05, N = 300.
Panels E-H: Changed Encoder simulations, formatted the same as in A—D. For F and
G, the “During” and “After” rectangles represent 5 minute time windows during and after
encoder change. For panels B, C, F, and G, shaded areas represent standard error from
10 simulations with random seeds. H: Boxplot of Encoder-Decoder error (degrees) during

(left) and after (right) the encoder change.
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Fixed encoder population, varying fraction of selected features
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Figure 3.7: Feature selection outcomes as the number of selected features and
informative features in the encoder vary. A—C: Comparison of algorithm performance
as a function of the number of selected features. A: Smoothness of the selected features as
a function of the desired fraction of selected features at increasing values of the temporal
continuity constraint (u increases as shading gets darker; see legend). The dotted line
indicates the fraction of high SNR, encoder neurons. B: Reward rate as a function of the
desired fraction of features; formatted as in A. C: Feature selection smoothness compared
with reward rate. Each data point corresponds to a data point in a reward rate in A and

a smoothness value in B. Pearson correlation test, B2 = 0.96, p = 1.4 x 10719, D-F:
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Comparison of algorithm performance as a function of fraction of informative neurons in
the encoder. D: Histograms of the encoder population with increasing fractions of high SNR
neurons. E: Feature selection smoothness as a function of fraction of high SNR neurons.
The dotted line indicates the desired fraction of selected features. F: Reward rate as a
function of the fraction of high SNR neurons in the last six batches. For A, B, E, and F,

shaded areas represent standard error from ten simulations with random seeds.

3.8.4 Temporal constraint feature selection applied to micro-electrocorticography data

Simulations with known and manipulable ground truth neural encoders allowed us to de-
velop and evaluate algorithms for online feature selection. We now explore applying these
algorithms to neurophysiological data to further evaluate adaptive feature selection ap-
proaches for BCIs. Due to the absence of ground truth knowledge of the encoder in these
data, we focus on evaluating whether offline analyses with real neural data are consistent

with our observations and intuitions gained via our simulation studies.

We collected subdural micro-electrocorticography (uECoG) data from motor cortical
and prefrontal areas while a monkey controlled a computer cursor using arm movements
(Figure 8A). A well-trained monkey performed the same delayed center out reaching task
used in our simulations while we recorded pECoG signals. Field potential signals like ECoG
are typically analyzed in the frequency domain and generate a large space of potentially
informative features. We used a relatively modest five frequency band feature basis (§: 04
Hz; 0: 4-10 Hz; 5: 12-30 Hz; ~: 30-80 Hz; High ~: 80-180 Hz), which results in 1,180
extracted neural features for our array with 236 electrodes (Figure 8B). We used this large
number of neural features to explore feature selection algorithms.

We first sought to demonstrate that the feature selection algorithms could identify phys-
iologically relevant features offline without considering adapting selected features over time
(i.e., with large batches of data). Previous analysis of these data suggested that information
about arm movement direction was distributed across rostral and caudal motor cortices, pri-
marily in the delta and high-gamma frequency bands [63]. Consistent with these findings,
example implementations of the Lasso Sub. D and TCC Sub D algorithms selected features
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from ECoG electrodes in the caudal and rostral regions of the motor cortex when trained on
5 minutes of data offline and restricted to use 128 features (10.8% of the total extracted fea-
tures) (Figure 8C). Moreover, the majority of the selected features were within the gamma
or high gamma bands (12.5% and 56% of features selected in the gamma and high gamma
bands, respectively, using the TCC Sub D algorithm; 30% and 56% of selected features in
the gamma and high gamma bands, respectively, using Lasso Sub. D algorithm), which have
been shown to carry hand-kinematic information both in our dataset [63] and many other
studies [71, 73, 5]. Both algorithms outperformed a random feature selector in predicting
arm movements, especially when the desired number of features was much smaller than the
complete feature set (Figure 8D). On this single dataset, TCC Sub D was on par with the
Lasso Sub D algorithm, consistent with our observations that both approaches successfully

identify high-information features and extend this to local field potential data.
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Figure 3.8: Offline feature selection using Electrocorticography (ECoG) data. A:
Schematic of the reaching task. The inset shows a schematic overlay of the pECoG array’s
recording locations on the cortical surface, spanning frontal motor cortices. pECoG signals
were recorded as monkeys performed a center-out reaching task. The monkey performed
the task by controlling the movement of a cursor on a visual display with hand movements
tracked in real-time with motion capture cameras. B: Illustration of feature extraction
for yECoG features. Broadband signals from each recording electrode (right) were band-
pass filtered (“feature extractor” box, middle) to extract five neural features per electrode
(right; 6: 04 Hz; 0: 4-10 Hz; 5: 12-30 Hz; : 30-80 Hz; High ~: 80-180 Hz). C:
Maps of electrode locations where feature selection algorithms identified 128 informative

features, shown for each of the five frequency bands (columns) for algorithms with and
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without temporal continuity constraints (top row: TCC Sub D; bottom row: Lasso Sub
D). D: Coefficients of determination (R?) for predicted versus actual cursor movements as
a function of the desired number of features. Random performance plotted as the mean
(markers) and standard errors (shaded region) estimated via 10 random feature selections.

We next explored the algorithms’ performance in an ‘online’ feature selection scenario
(Figure 9A; see Methods). We selected a batch size of 2 minutes based on past adaptive
decoding studies [60, 19]. As in the online simulations, pECoG features and recorded offline
cursor movements were used to select features and update the decoder at each batch. The
selected features and decoder weights were then used to predict the cursor movements in the
subsequent batch (Figure 9A, “Predicted Movements”). Note that this inherently offline
analysis does not fully capture potentially relevant user-algorithm interactions in closed-loop
BC(Is.

We first examined spatial and temporal patterns in the features selected by the algo-
rithms across batches for an example time segment of data. Similar to the non-adaptive
scenario, Lasso Sub. D selected electrodes that were mostly in the expected regions of mo-
tor cortex, though it also selected electrodes elsewhere intermittently across batches (Figure
9B). The TCC algorithm also tended to select similar features between the adaptive and
non-adaptive scenarios, while selecting more consistent features over time (0.99 + 0.01 and
0.2+ 0.1 for TCC and Lasso algorithm, respectively, Figure 9B, Sub D. w/ TCC).

We then quantified differences in predictive power for movement kinematics between
feature selection algorithms. Across multiple datasets, the TCC algorithm was significantly
more predictive for the subsequent batch than Lasso Sub. D. (Wilcoxon signed rank test,
p < 0.05, N = 39; Figure 9C). These results paralleled our simulations with a stationary
encoder in which TCC increased smoothness of feature selection and resulted in better task
performance (see Figure 6A). However, Lasso Full D yielding better predictions than Lasso
Sub D, despite variability in the selected features (Wilcoxon signed rank test, p > 0.05,
N = 39; Figure 9C), similar to our findings in simulation (see Figure 5B and F'). Similarly,
Lasso Full D performed similarly to TCC Sub. D (Wilcoxon signed rank test, p > 0.05,
N = 39) as expected from simulations.

Finally, we tested how the temporal continuity coefficient u affected feature selection
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in this physiological dataset. We confirmed that the temporal constraint coefficient in the
convex smooth objective function (equation 2) parametrically controlled the smoothness
of selected features from uECoG data (Figure 9D). Increasing the temporal constraint co-
efficient led to increases in the mean cursor movement prediction power until p = 0.008
(p < 0.05, Page trend test, N = 39). Further increases in p (u = 0.016), however, led to
a decrease in the predictive power, similar to our simulations using spike data (Figure 6B
and F). We also confirmed that increasing the TCC weight coefficients led to higher smooth
features at a smaller number of desired features (Page trend test, P = 9e-6, N=39; Figure

9E). Together, these results corroborated the findings in our simulation (Figure 7).
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Simulation of online batch-based feature selection
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Figure 3.9: Simulation of online batch-based pECoG feature selection. A:

Schematic of the online batch-based feature selection. Top row illustrates the calcula-

tions performed in batch n; bottom row illustrates the calculations performed in batch

n + 1. Vertical blue rectangles represent the 2-minute batch window for yECoG features
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and recorded cursor data (left) that were used for feature selection and decoder parameter
estimation calculations (middle). The decoder parameters estimated in batch n were used
to predict cursor movement in the batch n + 1 using selected features from batch n + 1
(right; red arrows). B: Example maps of the selected electrodes for the high-gamma band
features calculated with the Lasso Sub. D (top) and TCC Sub. D (bottom) algorithms over
13 batches (columns proceeding left to right). The mean feature selection smoothness is
0.240.1 and 0.99 4+ 0.01, respectively, for Lasso Sub. D. and TCC Sub. D. C: Comparison
of coefficient of determination (R?) between the offline decoded and actual cursor velocity.
Data pooled across batches from three recording sessions (N = 39). *: Wilcoxon Ranked
Test, P < 0.05. NS: Not significant P > 0.05. D: Mean Feature selection smoothness over
batches for the TCC algorithm as a function of the temporal continuity constraint u. Data
points indicate mean; error bars denote the standard error of the mean (*: Page trend test,
P < 0.05, N = 39 data batches pooled across 3 recording sessions). E: Average cursor
velocity prediction accuracy (R?) as a function of the temporal continuity constraint .
Format as in panel D. (*: Page trend test, P = 9 x 1075 N = 39). F: Smoothness as a
function of the algorithm’s number of selected features for different values of the temporal
continuity constraint p (u increases as shading gets darker, see legend). Format as in panel

F.
3.4 Discussion

Adaptive neural decoding methods are widely used to improve and maintain BCI per-
formance. Existing adaptive decoding algorithms focus on re-estimating decoder weights
over time with small sets of predetermined features [60, 31, 20, 12]. We aimed to expand
frameworks for adaptive decoding to enable dynamic and adaptive selection of subsets of
informative neural features from a large pool of candidate features. We used simulations
to show that naive use of offline feature selection algorithms, such as Lasso, performed
poorly in an adaptive setting due to inherent coupling between feature selection and de-
coder weight estimation algorithms (Figure 3.1). Decoupling these two operations however,
requires integrating the two adaptive computations. We present two options for engineering

solutions to this integration which provide different potential trade-offs. The Lasso Full D
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algorithm prioritizes parameter estimation accuracy by tracking parameters for all features
at the expense of additional computations. Alternately, the TCC algorithm enables poten-
tially more efficient parameter estimation for selected subsets of features by prioritizing the
temporal continuity of selected features, at the potential expense of compromising feature
optimization. Our analyses with simulated spiking data and pECoG data characterized
the performance of these algorithms, laying theoretical foundations for adopting adaptive
feature selection in real world BCls.

We are motivated by the overarching goal of designing adaptive and computationally
efficient algorithms that can scale with increasing channel counts. Since prior work has
not extensively explored feature selection as a process distinct from decoder parameter esti-
mation, our primary focus has been to establish the fundamental computational principles
governing their interaction. We acknowledge, however, that we have not yet optimized
these algorithms for physical hardware constraints; our current framework assumes data
is streamed from all recording channels prior to the selection step. To fully consider the
implementation of these algorithms in resource-constrained systems, future work must ex-
tend these principles to embedded hardware architectures where feature selection directly
gates data transmission, ensuring that only the relevant subsets are streamed to realize true
power and bandwidth savings.

One critical observation from our work is that offline feature selection algorithms did
not perform well when applied to online settings. Lasso feature selection without additional
feature selection objectives led to poor BCI performance (simulations; Figure 3.8) and
movement predictions (uECoG data, Figure 3.6). Our analyses revealed that this poor
performance stemmed from the fact that estimating decoder parameters after selecting
features often led to using “out of date”, poorly estimated decoder parameters (Figure 3.3).
This observation motivated us to develop feature selection algorithms designed for online
settings by restructuring how feature selection interacts with feature weight estimation.
We presented multiple possible ways to select features online and estimate their decoder
weights, which vary in their efficiency and suitability for a particular BCI goal. Therefore,
successful online feature selection requires algorithms that explicitly decouple these steps

or account for the ‘out-of-date’ decoder weights.
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The properties of BCI data may make it particularly important to consider interactions
between feature selection and parameter estimation. Neural data related to movement
is known to be high-dimensional and redundant [4, 80, 63]. Our simulated spiking data
demonstrated this inherent redundancy, evidenced by the fact that offline feature selection
methods applied to different batches of data, generated with the same neural encoding,
selected different but equally high-performing subsets of neural features (Figure 3.3). When
coupled with downstream decoder parameter estimation, the inherent redundancy of neural
data exacerbates the “out of date” decoder estimation problem (Figure 3.3 conceptual dia-
gram). We developed an algorithm that addresses this problem by directly regularizing the
temporal history of selected features (Figure 3.6). Our results show that imposing a tempo-
ral constraint helped select more consistent subsets of informative neural features, thereby
reducing the impact of “out of date” decoder parameters. Importantly, over-prioritizing
temporal continuity can limit the benefits of adaptive feature selection, for instance hinder-
ing the ability to track neural encoder changes and compromising performance optimization
overall (Figure 3.7). However, our simulations demonstrate the promise of our computa-
tional framework, which allows for flexible and parametric control of algorithm priorities via
cost function optimization. Our framework could be extended to optimize additional prop-
erties of selected features, such as redundancy, which has been successful in offline settings
[66, 21].

Our work highlights that feature selection algorithms will need to be fine-tuned to match
properties of the neural data, including how task information is distributed across neural
features and the timescales of encoder change. For example, we used our simulation to
characterize how our TCC algorithm performed as we varied both the model hyperparam-
eters and the neural encoder (Figure 3.7). This revealed that the optimal value of the
temporal constraint parameter p depends, in part, on the fraction of neural features within
the population that have significant task information. Consistent with this, we found (via
empirical testing) that we had to use notably different ranges of p in our simulated data
and the pECoG data. This demonstrates our algorithm’s ability to adapt to data with
different properties via hyperparameter tuning, but also highlights the potential challenge

of setting these hyperparameters. In practical applications, one straightforward approach



63

is to estimate hyperparameter values from prior offline data and potentially fine-tune them
online. Allowing algorithm parameters to adapt themselves may also be beneficial, particu-
larly given the multiple sources of non-stationarity in BCIs. Decoder parameter adaptation
research, for instance, shows potential benefits for letting update rates vary dynamically
[20, 50]. Future work could explore a similar strategy for the TCC coefficient. Fully opti-
mizing feature selection algorithms will ultimately require developing principled frameworks
and methods to guide parameter tuning.

Critically, developing online feature selection requires benchmarking the algorithms in
online closed-loop settings. In this study, we evaluated our online feature selection algo-
rithms by developing a novel simulation framework that leveraged micro-electrocorticography
(LECoG) data to approximate a closed-loop BCI scenario. By segmenting pECoG record-
ings from a well-learned task into sequential batches, we could rigorously test our methods
on neural data with realistic, stationary statistical properties. This approach confirmed
that, in an offline context using a single large data batch, our feature selection identified
a task-relevant subset of features, consistent with established methods. However, these
simulations have inherent limitations. While using pECoG data effectively captures the
stationary statistics of neural encoding, this offline-replay model does not account for the
dynamic, non-stationary changes that arise from user learning and other true closed-loop
interactions. Our simulations, similarly, did not incorporate neural encoder changes based
on closed-loop dynamics. Ultimately, the definitive validation of our algorithm will require

its implementation and testing within a live, adaptive BCI system.
3.5 Conclusion

In conclusion, the increasing number of neural recordings from advancements in neural
recording technologies presents a bottleneck in processing the growing number of neural
features. To address this issue, feature selection methods have been proposed to select
highly relevant and sparse sets of features. However, conventional feature selection meth-
ods may not be suitable for online feature selection in neural interface learning, where
hardware bottlenecks limit the simultaneous streaming of multitudes of features. To over-

come this challenge, we propose an online feature selection algorithm that optimizes for
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feature selection relevance, sparsity, and smoothness. Our simulation studies and offline
electrocorticography feature selection comparisons show that the smooth convex algorithm
improved smooth feature selections and simulation task performance. Our proposed algo-
rithm provides a promising solution for online feature selection with explicit optimization

for consistent feature selection.
3.6 Supplementary

3.6.1 Mathematical encoder setup

Our simulation used a neural encoder model to translate the simulated user’s intended
movement direction into a neural activity of the population of neurons (Figure 2A). We
assumed the user always intended to drive the cursor into the current target. User inten-
tion was modeled using a Linear Quadratic Regulator (LQR) framework [33]. The LQR
framework models the brain’s strategy as minimizing a cost function that balances state
error (deviation from the target state) and control effort. In this model, the current state
of the cursor is represented as ¢ = [Phor.t, Phor,ts Vhort> Vvert, 1], Where prop s and pyers are
the coordinates of the horizontal and vertical position, vpe, and vyer¢ are the velocity com-
ponents, and the constant term 1 represents a bias term. The target state is defined as
(Thor, Tver, 0,0, 1], where Tj, and Ty, specify the respective coordinates of target position,
and the zero velocity ensures the cursor reaches the target and stops. The cost function is
given by:

t=0

where @ = diag([1,1,0,0,0]) penalizes deviations in position while allowing more flexibility
in velocity, and R = 10000 - diag([1, 1, 1]) heavily penalizes excessive neural control inputs.

Using this cost function, the next state is computed as:
Ti+1 = Al‘t + BK(:L'target - l’t)

where K is the optimal feedback gain matrix derived from the LQR optimization. Finally,
the brain’s neural encoder encodes the next state x;11 into neural firing rates using equation

3.1 in the main text, enabling continuous control of the cursor toward the target.
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3.6.2 Lasso Sub D algorithm

Algorithm 1 Batch-based Feature Selection with LASSO Regression
Input: Xi: Yia Nselect

Output: &
Step 1: Solve the LASSO regression problem with a low regularization param-
eter:

A 1 A ,
Classo = arglcﬂlln%HYZ — X'Cll5+ all|Clly (eq low)
Step 2: Rank-order the features: Rank the features based on the magnitude of their
coefficients HCEASSO’m’:HQ. Step 3: Select the top Ny features: Pick the top Ngeject
features based on the rank-ordering.
Step 4: Return the feature selection vector:

) 1 if m is among the top Ngeeer rank-ordered features
Q;n: m:071727--~7Nfeats

0 otherwise

3.6.3 Full derivation of the relazed sensor selection problem

The maximum likelihood estimation of z is

m -1 m
S § : T § : T
xr = Ci C; er Ci
i=1 =1

N . . ~1
The error of estimation  — & has zero mean and covariance of ¥ = (Zzl cchZ-) . A scalar

indicator of the estimation’s accuracy is the volume of the n-confidence ellipsoid around

x — Z given by

n/2
(am)" et w12 (3.5)
r(s)

where o = Fx_21 (n) (FX_Ql:is the cumulative distribution function of a y-squared random

vol (&) =

variable with n degrees of freedom ). By minimizing the log volume of the confidence



66

ellipsoid, Joshi and Boyed arrived at the canonical sensor selection problem expressed as an

optimization problem:

maximize logdet (Z am?)
ieS (3.6)

st. |S|=k
where | * | denotes the cardinality of the feature selection set. The above problem can be

rewritten as

maximize  logdet (2211 ziaiaiT)
subject to 1Tz =k (3.7)
z€{0,1}, i=1,....m
Joshi and Boyed then proposed to relax the binary constraint on the selection vector z.

The convex relaxed problem is then,

maximize  logdet (221 ziciTci)
subject to 1Tz =k (3.8)
0<2 <1, 1=1,....m
where z; indicates if a feature is being selected and k is the constraint on the total number

of features.

3.6.4  Algorithms for selecting decoder updates

Inputs: feature selection vector #° € RV, full decoder weight tracked C' € RV*Ns Qutput:

decoder matrix: ("

Construct the feature selection mask M € RV*N.
Mm,: - 91
Select decoding features:
C'=CoM

Yields C* with non-zero elements
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When the selected features differ from those currently used in BCI decoding, we expand
the decoder observation matrix with zero rows to match the required dimensions. To simplify
notation, we assume a known maximum number of neural features, which in practice does
not create memory constraints due to the use of sets and maps. We define C’, the expanded

matrix of dimension n X ng, as follows:

~ Cinexm:a lfeqznzl
Gr = e, (3.9)

0, otherwise
Here, index(m) represents the position of the m-th selected feature in the smaller matrix.
This function maps the indices of selected features from the feature vector to their corre-
sponding rows, filling in the unselected positions with zeros. In the updated observation
matrix, the newly selected features will be initialized with weights of zeros. Similarly, we
expand the observation covariance matrix to have the dimension of n x ng of the form,

~ Qinexminexna 1f0§n:1and(9ﬁb:1
A (3.10)

o0, otherwise

Then the updated decoder parameters at i-th batch with newly selected batches becomes:
Cl=M°oCand Q' = M?® Q

After removing the corresponding rows and columns, the observation matrix and its covari-
ance matrix are ready to be updated and used for decoder update. The limitation of the
earlier approach is that when a feature is deselected and later reselected, its weights are
reset as if it were never used. We can enhance the previous method by preserving the fea-
ture weights. Instead of reinitializing, we track and store the weights of previously selected

features, using weight-tracking matrices to identify selections from prior batches.
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Inputs: feature selection vectors: #* and #°~! decoder matrices: C*~1 € R~ 1xNs (O ¢
R™Es Qutput decoder matrix: C°

Construct the feature selection masks:
i—1,C _ pi—1 yri—1,C _ i—1
O i o )

Expand the C~! to have the full dimension of C*~! using the equation 3.9 and
3.10

Store the previous observation matrix:
C «— M’i—l,c ® C«i—l + Ui—l,c oC

Q . M’L—l,Q ® Qi—l + Ui—l,Q ® Q

Perform decoder parameter selection:
C'=M eCand Q' = M?®Q

Then, the rows of zeros are removed to yield the new observation matrix and
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Chapter 4

DESIGN OF A MYOELECTRIC CO-ADAPTIVE DECODER FOR
RAPID AND CONCURRENT ACQUISITION OF A HYBRID TASK

Abstract

This study addresses the problem of EMG interface users struggling to control multiple
tasks at once due to difficulties with calibration, performance variability, and unintuitive
multitasking. We developed a novel hybrid EMG task that involves a continuous tracking
task and a binary color classification task, and implemented a co-adaptive approach to the
hybrid task decoder that takes into account the user’s learning. The hybrid decoder is
continuously adapted online and optimized using the SmoothBatch algorithm. The study’s
preliminary results suggest that participants can efficiently control the hybrid tasks, and
that decoder adaptation parameters strongly influence the ability to do so. This study is
one of the first to demonstrate that EMG users can simultaneously acquire two tasks with

the help of principled EMG decoder design.

4.1 Introduction

Natural arm and hand movements enable multitasking, allowing for smooth transitions be-
tween tasks. Although recent electromyographic (EMG) interfaces have shown promise for
controlling simple tasks with robotic arms and computer cursors, existing EMG interfaces
have problems with ease of calibration, performance variability, and unintuitive multitask-
ing. Most EMG multitask control schemes focus either on classification or continuous con-
trol. Therefore, it is unclear if EMG users can concurrently learn control of distinct EMG
interface tasks, and unclear how to design EMG decoders that accommodate simultaneous
task acquisition.

To address this problem, we developed a novel hybrid EMG task where the user is

instructed to simultaneously perform a continuous tracking task and a binary color classifi-
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cation task. To help the user learn the hybrid task, we consider the user and the decoder as
a whole to optimize their learning at the same time, as opposed to optimizing each individ-
ual learner separately and potentially resulting in globally non-optimal decoder solutions.
We leverage our game-theoretic framing of two-learner systems [51], which allows us to ex-
plicitly define objectives of the system that may improve performance, such as a crosstalk
term to minimize interference between tasks. To accommodate user learning, we take into
account the user’s learning and apply a co-adaptive approach to the hybrid task decoder
where the decoder is continuously adapted online [62]. In this work, we aim to test if a
decoder with an explicit goal to minimize task interference may help participants improve

performance on the hybrid task.

4.2 Methods

4.2.1 The hybrid task

The hybrid task consisted of a one-dimensional tracking task similar to prior work [51] and a
two-color classification task. The hybrid decoder is adapted in real-time as users control the
task with EMG signals measured from a 64-channel surface EMG system (Bioelettronica).
The hybrid decoder consisted of a velocity-based Wiener Filter for continuous control and a
linear classifier for color switching. EMG activity from all channels is used as input to both
tasks, and the continuous decoder and the classifier are coupled by a cost term to minimize
channel crosstalk. The hybrid decoder was recursively exponentially optimized online using

the SmoothBatch algorithm [60].

4.2.2  Participants’ demographics and experience with EMG control

We recruited eight participants from the University of Washington Seattle campus. Par-
ticipant diversity depended on voluntary enrollment in the study. Among the participants,
there were six male and two female participants. The participants had an average age of 28
years (SD = 6 years).

Participants were naive to the hybrid task and EMG control. Four out of the eight
participants reported that they played racing games growing up. Six out of the eight
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Task display

1-D tracking + color

selection task:
target
cursor

@ cursor during
color cue window

Figure 4.1: Overview of the hybrid task (top) and the hybrid decoder scheme
(bottom). The decoder scheme includes: (0) velocity-based decoder for both tasks (60 Hz),
(1) Integration for continuous position and classification for discrete color, (2) Asynchronous
decoder updates, and (3) SmoothBatch updates.

participants self-reported as being casual or novice gamers, and one reported as a non-

professional expert. All eight participants had no prior experience with EMG control.

4.2.8 Study design and data collection

The goal of this study was to examine whether co-adaptive decoders influence participants’
learning of hybrid control. For naive participants, however, we found that the results may
be confounded by participants learning the task structure and EMG control. We began by
not suggesting possible approaches to gesture control. Unfortunately, for two of the first
three participants, the EMG recording setups were not effective in picking up the user’s
selected gestures. As an example, one participant transferred learning from mouse control
to gesture control by tapping their index finger for one color and middle finger for the other
color (Figure 4.2A).

We therefore modified our experimental protocol for the remaining 6 participants with a
goal of guiding participants’ EMG control while still allowing them to explore a wide range
of gestures (Figure 4.2B, C). Participants reported identifying strategies that gave them

color switching success, such as a palm open strategy for one participant (Figure 4.2C, D).
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Finger Taps b Wrist Movements
. e
]

E

Figure 4.2: Examples of participant’s gestural control strategies. A: Finger Taps
were ineffective. B: Left and right wrist movements were effective for tracking. C: Up and
down wrist movements were an example for color switching. D: Participants in later trials
learned a combined wrist up and palm open strategy for color switching.

Session structure: Participant data collection sessions included the following steps

and instructions:

1. Preparing the participants for the task and EMG control: Participants were

instructed to perform the hybrid task with a mouse cursor. The participants were then
allowed to explore wrist/hand control with a radar task where the EMG amplitudes
from the 64 channels were plotted in polar coordinates. Participants were reminded
to keep their forearm still, as forearm movements would not produce distinct EMG

control patterns.

. Help the participants co-learn with the decoder: We suggested that partici-

pants keep the same gestures for at least one minute before trying another gesture

control strategy.

. Participants perform the tasks with four decoder conditions in two blocks:

Each trial for a decoder condition was 6 minutes long to provide sufficient time for

learning. Participants were given a break in between the two blocks and reminded of
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the EMG control tips.

4. Participants perform two trials of individual tasks: One trial of stationary

color switching task only, and one trial of one-dimensional tracking task only.

5. Interview: Participants were interviewed and their demo gestures were recorded with

consent.

4.2.4  Subject data inclusion/exclusion criterion

We collected data from eight participants in total. Due to technical challenges, we were
only able to collect one block of data from the first participant. The next two participants
did not seem to acquire effective control gestures: one was stuck with trying finger taps
for the discrete color task; the other participant used a hand swirl about their forearm to
acquire continuous tracking control. After this experience, we altered our subject instruction
protocols (see above) to improve the likelihood of users identifying successful strategies.
We will first report the hybrid performance from the seven subjects who finished the
entire data collection (N = 7). Because we refined our experimental protocols, we excluded
the first two subjects for the analyses reported below on the effect of crosstalk penalty on

the hybrid task performance (N = 5).

4.2.5 Measure of decoder orthogonality

Because we explicitly penalized decoder similarity in the objective function with a dot

product, we can use the decoder dot product to directly measure decoder similarity.

4.2.6  Performance metrics

We measured each participant’s color classification accuracy in rolling 8 trials. The chance
level of randomly choosing the correct color was 0.5 (50%). We also measured partici-
pants’ continuous tracking performance by tracking error smoothed with a sliding 1-minute

window.
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4.2.7  Encoder estimation

Users initially had no knowledge of what they were controlling. User encoders were esti-
mated as linear with two different models, with user input as either the target trajectory or
velocity. EMG activity was z-scored and user input was normalized before processing. One
encoder was estimated for each trial. For initial analyses, we only computed the encoder
for the continuous task.

MODEL 1 (Position Control):
S=W- Ptarget +e€ (4.1)

Where S is EMG activity (64 x t), W is the user encoder (64 x 1), Pigrget is the target
position (1 x ), and € is the offset (64 x t).
MODEL 2 (Velocity Control):

S = WU * Vint +e€ (42)

Where W, is the user encoder (64 x 1), and v, is the intended velocity (estimated as the

velocity vector between the cursor and target).
4.3 Results and Discussion

4.8.1 Effects of decoder objectives

To determine the relative weights in the decoder formulation, we simulated the decoder
change as a pilot subject (N = 1, outside of the experimental group) was performing the task
without the decoder objectives. For both the continuous and discrete decoders, increasing
the size penalty decreases the decoder sizes (Figure 4.3, top row). Furthermore, when there
was no decoder constraint (Figure 4.3, bottom, A = 0), a higher decoder crossover penalty
successfully separated the decoder as measured by the cosine angle. However, increasing
the size penalty weight made it hard for the decoders to be separated apart (Figure 4.3,
bottom).

Based on the simulation, we collected data by varying the decoder cost function param-

eters as follows:
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Figure 4.3: Effects of decoder penalties. (Top) Effects of increasing decoder norm weight
on the norms of the continuous and discrete decoders. (Bottom) Effects of increasing norm
weight on the separability of the decoders with large and small orthogonality objective
weights.
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e With or without decoder crosstalk penalty: u € [0, 10]

e With or without decoder effort penalty: Ay = A2 € [0, 1]

We studied how these decoder parameters influenced both performances on the task and

the user’s encoder.

4.8.2  Comparing hybrid task performance from all seven participants

For the color switching task (Figure 4.4, top), the participants on average can perform
only slightly above chance level. As the curves with and without the decoder orthogonality
constraint are interleaving, the decoder orthogonality constraint did not appear to influence
task performance. Participants did well on the individual color switching task, approaching
an accuracy of 1.0. This highlights that the color switching task alone is both understood
by the subject and can be performed by the decoder. This highlights the difficulty of the
hybrid task for both the participant and the decoder.

For the tracking task (Figure 4.4, bottom), tracking errors do not decrease for decoders
without decoder orthogonality (yellow curve), but do decrease for decoders with the decoder
orthogonality constraint (blue curve). Interestingly, the tracking errors for tracking task
alone rapidly decreased but then increased again around halfway through the task (150
seconds), suggesting likely user fatigue that could contribute to modest performance gains

observed across all conditions.

4.8.8  The effects of orthogonality penalty on participants’ performance

As described in the Methods section, we focus the analyses on the five participants who
acquired effective EMG control gestures.

For the color switching task (Figure 4.5, top), participants were able to learn the task
beyond chance level for both with and without the decoder orthogonality penalty (u = 0 or
= 10) but not approaching the success rate with the color task only. However, the effect
of orthogonality was not clear from the experiment because the success rates in both curves

increased at the beginning and then intertwined as the learning went on.
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Figure 4.4: Comparison of participants’ performance on the color switching task
(top) and the tracking task (bottom). Data is shown with and without decoder
orthogonality penalty, alongside individual task performance.
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For the tracking task (Figure 4.5, bottom), the orthogonality penalty helped to decrease
the tracking error compared to the decoder condition without the orthogonality penalty.
Even with the orthogonality penalty, the participants did not decrease the error as quickly
as when they did the tracking task alone, highlighting the difficulty of the hybrid task.

It is interesting to note that even for participants doing the individual tasks, their
performance started to fluctuate around the middle of the trial (Figure 4.5 top, around 280
seconds; Figure 4.5 bottom, individual task at around 125 seconds). This effect could be

due to participants trying to explore different strategies or experiencing fatigue.

4.3.4  The cross-talk penalty term only helped all participants improve the continuous task

We found that decoder effort penalties can potentially limit the decoders to be orthogonal.
Here these results are confirmed but in the continuous tracking performance. Compared to
decoders with the decoder effort penalty, decoders without the decoder effort penalty had
greater color switching success and lower tracking errors (Dotted lines vs. Solid lines on
Figure 4.6).

The orthogonality penalty without decoder effort penalty helped the participants con-
verge to smaller tracking errors (Figure 4.6, right, comparing yellow and blue solid lines).
This was not the case for the color switching task (Figure 4.6, left, comparing yellow and
blue solid lines). The improvement for the decoder with the orthogonality penalty was

significant (Figure 4.7).

4.83.5 User encoder estimation across decoder conditions

We next aim to quantify user learning in the hybrid task by quantifying user encoders.
We first compared goodness of fit for the position control model (MODEL 1) and velocity
control model (MODEL 2). Both velocity and position control models performed better on
actual user data than randomly shuffled data, suggesting that the models captured some
users’ control strategies. Across the five participants and for both mean and max R?, the
velocity control model was the better fit (Figure 4.8, left and right), which matched the

velocity-control decoder by design.
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Figure 4.5: Comparison of participants’ performance on the color switching task
(top) and the tracking task (bottom). Comparison shown with and without decoder
orthogonality penalty and individual tasks.
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Figure 4.6: Comparison of participants’ performance for a breakdown of orthogo-
nality and effort penalties. (Left) Color switching success rate. (Right) Mean continuous
tracking error.

We then used the velocity encoder model to measure the user’s encoder change for the
continuous task. We used the average decoder from the last three decoder updates and
reconstructed the velocities. If the user’s encoder changes over the course of a trial, the
error between reconstructed/fixed velocity and the intended velocity will become smaller

towards the last few decoder updates.

The errors for trials without the orthogonality penalty were oscillatory and appeared
to be non-decreasing (Figure 4.9, blue curve). However, the trials with the orthogonality
penalty appeared to be decreasing on average (Figure 4.9, orange curve), though with some
additional oscillations. This suggests that with the orthogonality penalty, users may begin
learning a more consistent strategy, consistent with the observed performance improvements.
However, the oscillations observed in both conditions suggest that the demands of the hybrid
task may limit the user’s ability to identify and maintain a consistent strategy throughout
the trial. Furthermore, it is interesting to note that in all cases, the difference in the velocity

error increased significantly after 300 seconds, which may be a result of encoder change from
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Figure 4.7: Comparison of participant’s performance before and after with and
without decoder orthogonality penalties.
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Figure 4.8: Comparison of goodness of fits (R?) for the five subjects. (Left) The
mean goodness of fit. (Right) The maximum goodness of fit. Note that vertical scales differ

between plots.
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participant fatigue.

In addition, we applied the encoder estimation analyses to trials with and without the
decoder effort constraint. Without the decoder effort constraint, the difference between
the intended and fixed /reconstructed velocity appears to be oscillatory and non-decreasing,
suggesting that the user’s encoder was not converging. This observation accords well with
the observation that with the decoder effort constraint, the user’s performance was poor
and did not improve. For the trials without the decoder effort constraint, the differences in
velocities were decreasing with occasional oscillations, and a sharp increase in the last 50
seconds of the trial, consistent with our findings above that users begin to converge on a

strategy but may shift near the end of trials due to fatigue.
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Figure 4.9: Comparison of error between fixed velocity and intended velocity
with and without decoder orthogonality constraint.

4.4 Conclusions and Future Directions

Our preliminary results suggest that participants can obtain efficient control of the hybrid

tasks, and that this ability is strongly influenced by decoder adaptation parameters. Sub-
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ject learning rates varied significantly, suggesting that customized decoder adaptation may
facilitate additional improvements. To the best of our knowledge, this study is one of the
first studies to demonstrate that the EMG user can simultaneously acquire two tasks with
the help of principled EMG decoder design.

In sum, these analyses suggest that when user performance improves in the continuous
task, it is paired with users learning some more consistent encoder. Encoder analyses further
suggest that users may vary their strategies for the continuous task as they try to balance
the color switching task demands, and that fatigue may be a significant factor. Future di-
rections will explore providing users with adequate time to learn the task, but incorporating
frequent breaks to mitigate fatigue. Based on clear and consistent observations about the
contributions of penalty terms, these experiments will focus on a limited range of decoder

parameters (removing the decoder effort penalty parameter).
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Chapter 5

CONCLUSION

Clinical BCI translation requires the rigorous integration of high-density recording hard-
ware, decoding algorithms, and user learning protocols. This thesis provides computational
frameworks that optimize closed-loop BCI decoding by addressing distinct yet complemen-
tary aspects of signal processing and control. We establish methodologies that improve
decoding by characterizing multiscale signal properties (Chapter 1), stabilizing online fea-
ture selection (Chapter 2), and enabling robust multitasking control in closed-loop systems

(Chapter 3).

Standard decoding pipelines typically treat neural features uniformly, ignoring inher-
ent signal non-stationarity. In Chapter 1, our multiscale analysis challenges this approach,
demonstrating that feature variance is distinct across spatial, temporal, and physiological
scales. Specifically, we identified intracortical channels that correlate strongly with meso-
scopic surface potentials (ECoG) yet encode minimal task-relevant information. These
findings indicate that feature abundance does not equate to information density, necessitat-
ing the decoupling of feature selection from the decoding objective to effectively isolate the
informative subspace. Future work should evaluate whether targeted modulation of these
hub electrodes can improve decoder performance by providing a more stable, mesoscopic
representation of the underlying neural manifold. By prioritizing these informative hubs,
we can develop decoding architectures that are less susceptible to the high-frequency noise
and non-stationarity of individual intracortical channels, ultimately leading to more robust

and consistent real-time BCI control.

In Chapter 2, we addressed the coordination of feature selection and decoder training
in online regimes. We demonstrated that standard feature selection methods fail when ap-
plied directly to closed-loop data due to statistical instability. By explicitly modeling the

temporal evolution of feature relevance, our proposed framework stabilizes online perfor-
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mance. This approach lays the technical groundwork for efficient dimensionality reduction,
enabling high-bandwidth interfaces to operate within the computational budgets of clinical
hardware. While Chapter 2 established the theoretical framework for the Temporal Conti-
nuity Constraint (TCC) to decouple feature selection from weight estimation, future work
must optimize this for resource-constrained systems. Specifically, implementing the convex
optimization directly on embedded hardware would allow for ’on-chip’ selection, where the
algorithm gates data transmission at the sensor level to realize actual power and band-
width savings. Additionally, future research should explore automated, online methods for
tuning the temporal constraint parameter (u) to account for varying rates of neural non-
stationarity, such as the abrupt signal loss seen in hardware degradation versus the gradual
shifts of user learning.

In Chapter 3, we leveraged the closed-loop paradigm to implement a decoder for multi-
tasking. Results indicate that participants can achieve efficient control over hybrid tasks—combining
continuous tracking with discrete classification. Crucially, we found that the user’s ability to
acquire this control is strictly governed by specific decoder adaptation parameters, rather
than the architecture alone. Building on the finding that multitasking control is strictly
governed by adaptation parameters rather than architecture alone, future research must
address the ’co-adaptation’ problem. Outstanding questions include whether reinforcement
learning agents can autonomously tune these adaptation parameters in real-time by moni-
toring user error signals, thereby reducing the cognitive load required for the user to acquire
control over hybrid continuous-discrete tasks.

Collectively, this thesis establishes methodologies for real-time feature selection and
robust multitasking control. By addressing the specific computational bottlenecks of high-
dimensional non-stationary data and the complexity of hybrid behaviors, these frameworks
contribute essential architectural solutions for the development of robust, everyday-use BCI
systems. Moving forward, the definitive validation of these computational frameworks will
require their integration within live, closed-loop clinical systems. A primary objective is the
development of "hardware-aware’ architectures where multiscale feature selection—informed
by the stable mesoscopic hubs identified in Chapter 1—directly gates data transmission on

embedded systems using the Temporal Continuity Constraints established in Chapter 2.
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Furthermore, future research must address the ’co-adaptation’ problem by investigating
whether autonomous agents can utilize the adaptation parameters identified in Chapter 3
to respond to real-time neural non-stationarity. By coordinating these adaptive layers, we
can transition from static decoding pipelines to autonomous BCI systems that maintain

high-fidelity performance across the diverse, non-stationary environments of everyday use.
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