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Program Authorized to Offer Degree:

Electrical and Computer Engineering



University of Washington

Abstract

Learning Representations from Neural Population Dynamics:
Addressing Neural Variability Across Scales

Trung Le

Chair of the Supervisory Committee:
Eli Shlizerman

Electrical and Computer Engineering

Interactions between individual neurons, each characterized by distinct intrinsic physiological

properties, collectively give rise to population responses underlying complex animal behaviors.

These responses exhibit variable dynamics across trials, recording sessions, and behavioral

contexts—arising from stochastic spiking at the trial level, electrode drift and neural plasticity

across sessions, and task- or state-dependent modulation across behavioral contexts. This

multiscale variability complicates the reliable extraction of scientific insights from population

activity. Consequently, modeling and decoding from population activity necessitate methods

capable of learning stable representations that capture the underlying structure of neuronal

activity in the presence of neural variability caused by noise, partial observability, and domain

shifts inherent in population recordings. In this dissertation, I present my studies that aim to

extract useful information from population dynamics while addressing neural variability across

different scales: single trials, recording sessions, and behavioral contexts. In the first study,

I developed a spatiotemporal transformer to learn stable neural representations underlying

stochastic firing activity of neural population on the single-trial basis. In the second study,

I introduced a self-supervised framework for extracting time-invariant representations of

individual neurons by modeling their dynamics across partially overlapping populations over

multiple recording sessions. In the third study, I developed a lightweight adaptive framework



for online neural decoding, enabling rapid and robust generalization in unseen sessions

with minimal unlabeled calibration trials and no model fine-tuning. In the fourth study,

I exploited the dependence of population dynamics on behavioral contexts and presented

a decoding framework leveraging context-aware representations for effective decoding of

speech from population activity. Together, these studies advance a representation-centric

paradigm for neural population analysis—delivering generalizable abstractions that are robust

across contexts, scale to large recordings, and leverage inductive biases embedded in the

population—thereby enabling effective extraction of scientific insights from population analysis

and paving a way towards high-performing and robust brain–computer interfaces.
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Chapter 1

INTRODUCTION

1.1 Background

The brain is an engineering feat of nature, containing billions of neurons and trillions of

synapses that collectively give rise to cognitive functions and behaviors. Understanding

the principles by which these interconnected networks of neurons represent and transform

information to generate behavior in response to environmental stimuli has been a central

pursuit of neuroscience. Early single-unit recordings established the notions of rate coding,

receptive fields, and tuning, suggesting that neurons encode specific stimulus or movement

features via their firing patterns [Ref1, Ref2, Ref3]. As technology progressed from single

microelectrodes to multi-electrode arrays and optical imaging, the scale and dimensionality of

neural data expanded dramatically, enabling simultaneous observation of hundreds to tens of

thousands of neurons across brain areas and over extended timescales [Ref4, Ref5, Ref6, Ref7].

This shift in recording capability catalyzed a conceptual transition: from single neurons to

neural populations. Rather than focusing solely on analyzing the activity of individual neural

units, contemporary computational neuroscience increasingly emphasizes neural population

analyses. This idea posits that it is the populations of neurons, rather than the individual

units, that are the essential units of computation in the brain [Ref8, Ref9, Ref10]. This

perspective is supported by evidence from studies that found neurons across brain regions

to have mixed selectivity in various neural processes such as memory and decision-making,

rendering single-unit decoding of stimuli or behavior largely intractable [Ref11, Ref12, Ref13].

In addition, more mechanistic insights have been drawn from analyzing the dynamics of the

neural population—the temporal evolution of population activity in high-dimensional state

space spanned by the firing rates of individual member neurons. While the dynamics are
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constituted by a large number of neurons, dimensionality reduction methods such as PCA

and jPCA have revealed low-dimensional structures within the population dynamics, e.g.

the rotational dynamics in motor cortex during reaches [Ref14], and latent-state models like

GPFA and LDS variants have uncovered smooth latent manifolds underlying variable spiking

activity [Ref15, Ref16]. Collectively, these studies demonstrated that neural populations

are more than the sum of their parts: coordinated activity of many neurons implements

sophisticated computations that can be probed with interpretable tools grounded in dynamical

system theories.

As our ability to record from ensembles of neurons has grown exponentially, the demands

for analytical tools capable of processing these ever-larger datasets have scaled accordingly. In

response, much of the attention has turned to recent advances in deep learning (DL) —a field

that has recently undergone its own revolution—for frameworks that are not only capable of

learning sophisticated patterns hidden in the data but also capable of doing so in a scalable

and label-efficient manner. Specifically, Recurrent Neural Networks (RNN) [Ref17, Ref18]

and Transformers [Ref19] have become workhorses for complex sequence modeling and have

contributed to a host of techniques to study and extract insights from population dynamics.

RNN serves as an intuitive framework to model the time-varying activity of individual neurons

as well as the neural population, since the conditional dependence of the current-time variables

on the previous timesteps is baked into the sequential nature of the recurrent architecture.

They have been shown to be an effective tool for modeling population dynamics, as well

as for decoding limb movement and speech articulation in human and non-human primates

[Ref20, Ref21, Ref22, Ref23, Ref24]. Transformers with the attention mechanism have lifted

the restriction on RNN’s sequential dependency, allowing flexible weighting (attention) over

all observed entities (tokens – which in neural population analyses can take the form of

either timesteps or neurons). Such innovation has brought about models with significantly

improved expressiveness and an enhanced ability to ingest multi-modal and heterogeneous

neural datasets [Ref25, Ref26, TL2, TL5, TL3]. Beyond high-performing architectures, the

field of deep learning has also contributed efficient learning algorithms that enable learning
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from the vast amount of noisy, unlabeled data. Self-supervised training strategies such as

mask modeling, contrastive learning, and future forecasting have enabled models to find

structures embedded in the data and extract robust representations that are useful for diverse

downstream tasks [Ref27, Ref28, Ref29]. Taken together, deep learning offers computational

frameworks that are simultaneously expressive and scalable and that, when paired with

appropriate analytical tools, can yield interpretable insights to study neural population

dynamics.

In parallel, translational research in brain–computer interfaces (BCIs) has leveraged neural

population activity to decode intended actions and restore communication or motor function

for individuals with paralysis. Demonstrations of such interfaces include robotic arms that

allow an individual with tetraplegia to manipulate objects [Ref30]; interfaces that translate

movement intents into continuous cursor control [Ref31]; and neuroprotheses that decode

handwriting [Ref23] and attempted speech [Ref32, Ref24] from neural population activity.

Yet decades of BCI experience have also highlighted a critical challenge in deriving insights

from neural population activity: neural variability. On the individual neuron level, activity

of individual neurons is variable, changing from trial to trial even when they are subject

to identical stimuli or recorded under repeated behavioral conditions. This variability may

come from the stochastic release/reception of neurotransmitters at the synapses, circuit

noise from the dynamics of local excitatory and inhibitory populations, whole-brain noise

arising from the interactions between brain regions, or behavioral contexts including task-

irrelevant physiological states [Ref33]. On the network level, synaptic weights between

neurons are weakened or reinforced over the course of learning a new task. Even after the

animal has learned a task to proficiency, tuning profile of tracked neurons may drift over

weeks of recordings [Ref34]. Besides these intrinsic physiological sources, variability from

neural recordings may also come from the technical complications in the recording methods.

Membership of neurons in the population might be inconsistent across recordings due to

displacements of electrodes over time, where neurons may appear or disappear on a given

channel due to their shifted distance to the electrode [Ref35]. The problem is exacerbated if
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spikes are detected using threshold-crossing rather than being sorted, the former of which

might result in channels containing mixed responses of multiple neurons [Ref36].

In the presence of neural variability, computational methods attempting to extract useful

information from the population recordings may suffer from performance degradation if not

carefully designed. A promising approach to address this problem is representation learning,

in which deep learning models learn from data to construct representations that not only

enhance task performance but also remain robust to the variability within neural recordings.

In this dissertation, I will present four of my previous works that aim to learn robust neural

representations for dynamics modeling and behavior decoding in the presence of neural

variability. These works tackle the neural variability at different levels: single trials, recording

sessions, and behavioral contexts.

1.2 Summary of Contributions

This dissertation advances computational techniques for learning representations from neural

population activity that explicitly address variability within neurons across trials and within

populations across recording sessions and behavioral contexts. Specifically, the contributions

are as follows:

1. SpatioTemporal Neural Data Transformer (STNDT) [TL1], which addresses the neural

variability at the single-trial level. STNDT is a transformer architecture which explicitly

learns both the spatial coordination between neurons and the temporal progression

of the population activity to uncover their underlying firing rates. The model learns

robust representations of neural population activity from noisy spiking dynamics on a

single-trial basis, enabling effective inference of unobserved neurons and timesteps, as

well as facilitating behavior decoding from the spatiotemporal representations.

2. Neuronal Permutation- and Time-Invariant Representations (NeuPRINT) [TL2], which

addresses the neural variability at the session level. NeuPRINT is a self-supervised

approach to infer neuronal identity from population recordings spanning multiple
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sessions. The model learns robust representations for individual neurons despite the

time-varying dynamics of partially overlapping populations observed across sessions.

The learned representations can then be used to decode cell transcriptomic types by a

lightweight classifier.

3. Spatial Permutation-Invariant Neural Transformer (SPINT) [TL3], which also addresses

the neural variability at the session level. Unlike NeuPRINT and other existing decoding

approaches where the decoders need to be trained and evaluated on the same set of

neurons or be fine-tuned to adapt the new set of neurons, SPINT proposed a novel

adaptation method that enables generalization on novel sessions with variable size

and ordering, using only a few unlabeled calibration trials and requiring no model

fine-tuning. This is achieved by learning universal, behavior-relevant representations

of individual neurons which facilitate generalization despite the non-stationarities in

long-term recordings.

4. Divide-and-Conquer Neural Decoder (DCoND) [TL4], which tackles the neural variability

at the level of behavioral context. DCoND is a brain-to-text decoding framework

leveraging context-aware acoustic representations (diphones) and large language models

to decode multi-session neural activity into texts. The model recognizes the context-

dependence nature of neural activity during attempted speech, i.e., neural activity

representing a phoneme depends not only on the phoneme being spoken but also on

the context of surrounding phonemes, subsequently learns to construct fine-grained

representations reflecting the context of speech (behavioral context).

The dissertation contains materials from my published works [TL1, TL2, TL3, TL4]. To-

gether, these contributions advance a representation-learning paradigm centered on variability

across scales. They show that population-aware, invariant, and interpretable representations

are both scientifically informative and practically robust.

These studies have motivated my other concurrent works, including works where I co-
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developed an interpretable transformer [TL5] to infer the nonstationary connectivity between

neurons, an adaptive graph neural network [TL6] that modulates time-varying neuronal

interactions to predict future neural activity, and portable, low-latency systems for BCI

inference [TL7, TL8].

1.3 Dissertation Outline

The remainder of the dissertation is organized as follows:

Chapter 2 surveys the fundamental concepts covered in this dissertation, spanning neural

population analyses, latent structures, and neural decoding in the presence of variability. It

highlights major intracortical BCI advances and introduces modern machine learning concepts

that motivate the proposed methods.

Chapter 3 introduces a spatiotemporal transformer for modeling neural population

activity by learning factorized spatial and temporal structures. It demonstrates how this

factorized modeling helps infer the single-trial population dynamics spanning various brain

regions and behavioral tasks.

Chapter 4 presents a self-supervised framework for learning time-invariant neuronal

identity from population activity. It demonstrates the correspondence between the learned

representations and cell transcriptomic types that remains stable across recording sessions.

Chapter 5 proposes a permutation-invariant transformer for robust cross-session decoding.

Built-in architectural invariances and training strategies emulate changes in population

composition, yielding stable performance under session-to-session variability.

Chapter 6 presents a decoding framework that uses intermediate, context-aware acoustic

units (diphones) to capture the fine-grained dynamics of speech. It demonstrates how

leveraging these context-dependent representations in combination with large language

models can enhance brain-to-text decoding.

Chapter 7 summarizes the key findings from this dissertation, discusses the limitations

of the presented studies, and reflects on the broader implications for systems neuroscience

and the development of robust brain-computer interfaces.
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Chapter 2

FUNDAMENTAL CONCEPTS AND RELATED WORK

2.1 Foundations of Neural Population Analyses

Understanding how the brain encodes and processes information lies at the core of computa-

tional neuroscience. While early work on single neurons revealed fundamental physiological

and computational properties of these units, contemporary approaches increasingly focus

on neural ensembles to obtain a more comprehensive understanding of brain function and

its relationship to behavior. Population activity is often well described as evolving on low-

dimensional manifolds whose latent dynamics capture computations underlying motor control,

perception, and cognition. The rich theoretical and empirical insights gained from this

population-level perspective have, in turn, established neural populations as the fundamental

unit of computation in the brain.

2.1.1 Neural Signals and Recording Modalities

Neural activity can be measured through various recording modalities, each having its own

advantages and disadvantages in terms of invasiveness, coverage, signal-to-noise ratio (SNR),

power consumption, and space/time resolution. In this dissertation, we focus on invasive

recordings, in particular extracellular electrophysiology and two-photon calcium imaging,

where we can obtain high SNR signals at the single-neuron level and where the datasets in

this dissertation are primarily derived from.

Extracellular electrophysiology records voltage fluctuations generated by action poten-

tials using microelectrodes, providing a direct electrical measurement of spiking with sub-

millisecond temporal resolution and good SNR at the level of single units. Unlike traditional

depth electrodes [Ref37] and electrode arrays (e.g., Utah arrays) [Ref38], modern high-density
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probes such as Neuropixels [Ref39, Ref5] can simultaneously record from hundreds to thou-

sands of neurons across multiple brain regions, but the spatial sampling remains relatively

sparse and biased toward neurons near the electrodes.

In contrast, two-photon calcium imaging measures neural activity indirectly via fluores-

cence changes of synthetic dyes or genetically encoded calcium indicators that report changes

in intracellular calcium concentration associated with action potentials [Ref40]. This optical

readout offers single-cell spatial resolution and enables simultaneous monitoring of hundreds

to thousands of neurons within a local volume, with the possibility of targeting specific cell

types through genetic strategies. However, the calcium signal is a temporally filtered proxy

for spiking: indicator kinetics and cellular calcium handling broaden individual events over

tens to hundreds of milliseconds, limiting effective temporal resolution and complicating the

recovery of precise spike timing.

As a result, electrophysiology is generally preferred when fine temporal structure and

high-frequency dynamics are critical, whereas calcium imaging excels when dense spatial

coverage, cell-type specificity, and the ability to track identified neurons over days to weeks

are prioritized.

2.1.2 Population Dynamics and Latent Manifolds

One of the key conceptual shifts in modern systems neuroscience is the move from single-

neuron tuning descriptions to population-level dynamical motifs. In sensorimotor cortex, for

example, the activity of individual neurons may exhibit no readily discernible moment-by-

moment correspondence to externally measured motor outputs, rendering behavior decoding

and mechanistic interpretation at the single-neuron level challenging [Ref41]. This has

motivated a dynamical-systems view in which neural computation is expressed in the evolving

geometry of population activity rather than in isolated unit responses [Ref9]. Conceptually,

this perspective draws on the theories of nonlinear dynamical systems, where trajectories in

a high-dimensional state space, together with structures such as fixed points and limit cycles,

provide the language for describing system behavior [Ref42, Ref43, Ref44].
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Population activity at each time point can be represented as a high-dimensional vector

xt ∈ RN , where N is the number of recorded neurons. Across time, these vectors trace

a trajectory through neural state space spanned by the firing activity of member neurons.

Empirical evidence suggests that these trajectories often lie on a low-dimensional manifold

embedded in the high-dimensional firing space [Ref41]. This low-dimensional latent structure

has been reported across motor, cognitive and sensory domains, suggesting that manifold

organization may be a general feature of large-scale neural activity and a convenient coordinate

system for describing population computations [Ref45, Ref14, Ref10, Ref46, Ref47].

Classical methods such as Principal Component Analysis (PCA), Factor Analysis (FA),

Gaussian Process Factor Analysis (GPFA) [Ref15], latent Linear Dynamical Systems (LDS)

[Ref48, Ref49, Ref50, Ref51] have been used to uncover this structure. More recent ap-

proaches extended these ideas with switching linear dynamical systems [Ref16] and nonlinear

deep learning models [Ref20, Ref25, Ref52]. In particular, RNN-based encoder–decoder

architectures trained on reconstruction or predictive objectives provide an effective route

to discovering low-dimensional latent structure [Ref20, Ref53, Ref54]. These models learn

latent trajectories that accurately forecast or reconstruct single-trial neural activity while

compressing its dimensionality, often revealing interpretable clusters in latent space that corre-

spond to distinct behavioral conditions. More broadly, analyses of trained RNNs demonstrate

systematic dimensionality compression in their internal representations as the network learns

task-relevant dynamics, offering a mechanistic example of how low-dimensional manifolds can

emerge from high-dimensional recurrent circuits [Ref55, Ref56].

Beyond identifying a manifold, an active line of work asks how neural circuits use this

low-dimensional structure. Studies of motor learning with brain–computer interfaces suggest

that pre-existing intrinsic manifolds can constrain the patterns of population activity that are

readily learned: perturbations requiring within-manifold adjustments are typically acquired

more rapidly than those demanding activity outside the intrinsic subspace [Ref57]. Comple-

mentary analyses demonstrate that even within a single task, populations can transiently

reorganize activity into functionally distinct low-dimensional subspaces—such as preparatory
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versus movement-related modes—highlighting how flexible computations may be implemented

through structured rotations and reconfigurations of latent activity [Ref58].

The manifold framework also offers a principled way to reason about stability across

time. Long-term recordings in primate motor cortex indicate that latent dynamics within

a preserved manifold can remain remarkably stable over long timescales, even when the

recorded single units and their tuning properties drift, suggesting that neural computations

underlying consistent behavior might be preserved within a stable population-level manifold

[Ref59, Ref60]. These observations are especially impactful for robust decoding and BCI design,

where leveraging stable latent structure may mitigate the need for frequent recalibration

under neural plasticity and recording nonstationarities.

2.2 Neural Decoding and Brain–Computer Interfaces

Neural decoding seeks to infer variables of interest—such as sensory stimuli, movement

kinematics, cognitive state, or intended speech—from measured neural activity. Brain–

computer interfaces (BCIs) realize this goal in a system that translates neural signals into

control commands for external devices, with the overarching aim of restoring function or

communication in individuals with neurological injury or disease.

Neural decoding can be formulated as a supervised task. Let xt ∈ RN denote the neural

activity vector at time t, e.g., binned spikes, firing rates, or local field-potential features,

Xt−T :t = {xt−T , . . . , xt} ∈ RT×N denote the window of historical neural activity and let

yt ∈ RD denote the variable labels to be decoded, e.g., movement kinematics, or discrete

labels such as reaching direction, phoneme, or character. Neural decoding finds a mapping

fθ : RN 7→ RD or fθ : RT×N 7→ RD from neural observations to behaviorally relevant variables.

For instantaneous decoding, the output depends only on the neural activity at the same

instance of time:

ŷt = fθ(xt). (2.1)

More generally, however, the decoded output can depend on a window of neural history
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Xt−T :t = {xt−T , . . . , xt}:

ŷt = fθ(Xt−T :t). (2.2)

Modern BCIs utilize neural modalities spanning noninvasive methods such as electroen-

cephalography (EEG) and magnetoencephalography (MEG), as well as invasive methods

including Calcium imaging, electrocorticography (ECoG) and intracortical microelectrode

arrays, each involving distinct trade-offs in spatial and temporal resolution, long-term stability,

and clinical risks. In particular, invasive intracortical recordings provide high-resolution

access to spiking activity, enabling fine-grained decoding of motor and speech attempts and

have driven some of the most compelling demonstrations of high-performance BCIs [Ref61].

2.2.1 Intracortical BCIs for Motor Restoration

The translation of intracortical BCIs to humans has produced striking advances in restoring

motor function. The BrainGate studies demonstrated that individuals with tetraplegia

can achieve neural control of cursors and other assistive devices from analyzing neural

populations recorded from motor cortex, providing clinical proof-of-concept for iBCI feasibility

[Ref62, Ref63]. Subsequent work extended these capabilities to high-dimensional control of

robotic arms [Ref63]. Notably, an individual with tetraplegia achieved coordinated multi-

degree-of-freedom reach-and-grasp control, illustrating that intracortical signals can support

complex, functional actions in daily activities [Ref63, Ref30]. Algorithmic developments such

as Kalman-filter and RNN variants have also been critical, substantially improved online

performance in later studies [Ref64, Ref20].

2.2.2 Intracortical BCIs for Communication Restoration

In parallel to motor restoration, communication BCIs have also advanced rapidly. Cursor-

based spelling systems demonstrated that intracortical BCIs can support reliable text decoding

in people with paralysis, with improvements driven by both algorithmic and interface design

[Ref31]. More recent studies have achieved substantially higher communication rates by
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decoding intended handwriting, leveraging the rich temporal structure of writing-related

motor execution to enable fast, accurate brain-to-text communication in real time [Ref23].

Speech neuroprostheses represent another frontier of BCI advancements. ECoG studies have

shown that attempted speech can be decoded into words and sentences using RNN combined

with language models [Ref32]. Systems utilizing spiking activity have also demonstrated

large-vocabulary, high-throughput speech-to-text decoding, with performance approaching

levels of everyday communication, though substantial work remains on reducing calibration

burden and improving long-term robustness [Ref24, Ref65].

2.2.3 Challenges for Neural Decoding and Motivations for Representation Learning

Despite these advances, several challenges remain for both neural decoding and clinical

translation of BCI. First, neural data are noisy, scarce, and heterogeneous as they are

collected by individual labs studying different scientific questions. The lack of standardized

data collection protocol, processing pipelines, and high-capability algorithms to handle these

noise and heterogeneity hinders the effective analyses of large scale datasets. Second, long-

term recordings suffer from neural nonstationarity that changes the composition of recorded

populations over time, which can complicate the extraction of stable neural identity, degrade

the performance of fixed decoders, and increase the need for frequent BCI recalibration.

These challenges will require models that can efficiently learn meaningful representations of

population activity while remaining robust to variability across trials, sessions, and contexts.

2.3 Neural Variability Across Scales

Neural activity is variable across multiple scales, including trials, recording sessions, and

behavioral contexts. At the trial level, even under identical stimuli or repeated behavior,

neural responses can fluctuate substantially. At longer timescales, neural representations can

drift over days to weeks, changing the relationship between population activity and behavior

across sessions. Another type of variability emerges across behavioral or task contexts, where

changes in cognitive states, arousal, or body movements unrelated to the task of interest



13

can reshape the geometry of population activity. Studies have shown that a substantial

fraction of what has historically been treated as “noise” may in fact reflect structured signals

related to unmeasured movements, internal states, or other latent variables, complicating

naive task-focused interpretations of neural activity [Ref33].

2.3.1 Sources of Neural Variability

Neural variability originates from both biophysical and technical factors. At the cellular

level, intrinsic cellular and synaptic stochasticity contribute to trial-to-trial fluctuations.

In particular, the probabilistic opening and closing of ion channels gives rise to channel

noise, which can influence the membrane potential dynamics and spike timing variability

[Ref33]. Feedforward and recurrent dynamics between networks of neurons can propagate

the noise at the cellular level to a broader scale, causing variability at the network level and

whole-brain level [Ref33]. Across sessions, a major technical contributor to variability in

neural observations is the instability of chronic recordings. Even when the underlying behavior

remains consistent, the recorded population can change because of electrode micromotion

relative to the tissue, resulting in the appearance or disappearance of units and changes of

their positions in the electrode space. These factors occur in parallel with biological processes

such as learning and plasticity, which can further change the tuning characteristics of neurons

over longer timescales.

2.3.2 Techniques to Handle Neural Nonstationarity

To tackle the issue of neural nonstationarity, alignment techniques were proposed to align the

testing sessions to match the distribution of a training session, usually performed in the latent

space. These techniques vary from linear methods using Canonical Correlation Analysis (CCA)

[Ref60, Ref66], linear stabilizer [Ref67], linear distribution alignment [Ref68], to nonlinear

using generative adversarial networks (GAN) [Ref69, Ref70], RNN [Ref71, Ref72, Ref73],

and diffusion models [Ref74]. All these approaches, however, still require explicit alignment
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procedures with model parameter updates and test-time labels in some cases to adapt the

pretrained decoder to unseen populations.

2.4 Related Machine Learning Concepts

2.4.1 Transformers

Transformers have emerged as the de facto architecture for representation learning with

sequences. Originally introduced for sequence-to-sequence learning in natural language

processing, Transformer replaces recurrence with stacked attention and feedforward blocks,

enabling highly parallelizable training and improved expressivity over long contexts [Ref19].

This architecture has since been applied to a broad range of modalities, including vision,

speech, and other types of time series, serving as a promising candidate for population-level

neural modeling in which interactions among many units drive the population responses over

time [Ref75, Ref76, Ref77, Ref25].

Self-Attention Given an input sequence of token embeddings H ∈ RT×d, self-attention

computes contextualized representations by forming queries, keys, and values

Q = HWQ, K = HWK , V = HW V , (2.3)

where WQ,WK ,W V ∈ Rd×dk are learned projection matrices. The attention weights are

computed by scaled dot-products,

Attn(Q,K, V ) = softmax

(
QK⊤
√
dk

)
V. (2.4)

This operation allows each token to aggregate information from all other tokens with input-

dependent weights. In contrast to convolutional or recurrent operators with fixed local

connectivity or sequential update rules, self-attention provides a flexible mechanism for

learning global interaction structure, a property that is potentially important for neural

data where informative dependencies may span widely separated time points or distributed

subpopulations.
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Multi-Head Attention To represent multiple interaction patterns in parallel, the

Transformer uses multi-head attention:

MHA(H) = Concat(head1, . . . , headh)WO, (2.5)

where headi = Attn(HWQ
i , HW

K
i , HW

V
i ) and WO is an output projection [Ref19]. Multi-

head structure thus encourages learning distinct, complementary subspaces of interaction

among tokens. In population analyses, this property can be viewed as enabling simultaneous

discovery of multiple latent communication or coordination patterns among neural units.

Feedforward Network and Residual Connection A standard Transformer encoder

block alternates multi-head self-attention with a token-wise feedforward network:

H ′ = LayerNorm(
(
H + MHA(H))

)
, (2.6)

H ′′ = LayerNorm(
(
H ′ + FFN(H ′)

)
, (2.7)

where FFN(·) is typically a two-layer MLP applied identically at each token. Residual

connections and normalization stabilize optimization and support deep stacking of multiple

transformer blocks. While the original formulation used post-norm, pre-norm variants are

widely adopted for improved gradient flow in deep models [Ref78].

Positional embeddings Since the self-attention mechanism is permutation-equivariant

over tokens, Transformers require an explicit mechanism to encode order in sequences. The

original architecture introduced sinusoidal positional encodings added to token embeddings

[Ref19]. Learned absolute positional embeddings and relative position schemes are also

common, with relative encodings often improving generalization to longer sequences by

modeling distances rather than absolute indices [Ref27, Ref79, Ref80]. For neural time series,

positional embeddings can represent time bins (temporal positional encoding) or indices of

neural units (spatial positional encoding) depending on whether the embeddings are applied

along the temporal or spatial dimension, and are essential for encoding the notion of time or

neural identities when modeling population responses [TL1].

Relevance to Neural Population Analyses Transformers are conceptually well suited

to several demands of modern systems neuroscience. First, self-attention provides an efficient
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mechanism for capturing long-range temporal dependencies and cross-neuron interactions.

This complements classical approaches based on recurrent neural networks by offering a highly

expressive alternative for learning structured population representations with the large number

of neurons over long time scales. Second, the wide variety of designs and training techniques

accompanying the attention mechanism makes it easy to impose neuroscience domain-specific

inductive biases, such as factorized attention over neurons and time, causal modeling, or

context-dependent token identity. Third, the high representational capacity of Transformers

and their ability to handle arbitrary number of tokens make them a plausible backbone

for future large-scale pretraining on heterogeneous neural datasets, potentially enabling

reusable representations for neuron cell type characterization and decoding generalization.

Overall, Transformers provide a unifying architectural framework for learning rich, contextual

representations from multi-channel time series data, making them the go-to architecture for

neural population analyses.

2.4.2 In-Context Learning

Large Language Models (LLMs) pretrained on large corpora of texts exhibit the ability

to learn new tasks in-context [Ref81]. That is, conditioning on a few demonstrations of

input-target pairs, LLMs can generalize to unseen cases without updating their weights. This

ICL ability has proven useful across a wide range of tasks [Ref82, Ref83]. While ICL typically

underperforms a specialized LLM finetuned for a specific downstream task, it still surpasses

zero-shot inference, and is particularly valuable when finetuning is not feasible due to resource

constraints such as time or computational power, or the inaccessibility of proprietary LLMs

[Ref84].

2.4.3 Permutation-Invariant Neural Networks for Set-Structured Inputs

While conventional neural networks are designed for fixed dimensional data instances, in

many set-structured applications such as point cloud object recognition or image tagging,

the inputs have no intrinsic ordering, advocating for a class of models that are permutation-



17

invariant by design [Ref85, Ref86, Ref87]. One such work, DeepSets, introduced a set average

pooling approach serving as a universal approximator for any set function [Ref85]. Follow-up

works [Ref86, Ref88] extended this pooling method to include max-pooling and attention

mechanisms [Ref19].
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Chapter 3

LEARNING SINGLE-TRIAL REPRESENTATIONS FROM
NEURAL POPULATION DYNAMICS WITH

SPATIOTEMPORAL TRANSFORMERS

This chapter contains material that was previously published in [TL1].

3.1 Background

One of the prominent questions in systems neuroscience is how neurons perform computations

that give rise to behaviors. Recent evidence suggests that computation in the brain could be

governed at the population level [Ref89, Ref9]. Populations of neurons are proposed to obey

an internal dynamical rule that drives their activities over time [Ref8, Ref90]. Inferring these

dynamics on a single trial basis is crucial for understanding the relationship between neural

population responses and behavior, subsequently enabling the development of robust decoding

schemes with wide applicability in brain-computer interfaces (BCI) [Ref23, Ref30, Ref91].

However, modeling population dynamics on single trials is challenging due to the stochasticity

of individual neurons making their spiking activity vary from trial to trial even when they

are subject to identical stimuli or recorded under repeated behavior conditions.

A direct approach to reduce the trial-to-trial variability of neural responses could be to

average responses over repeated trials of the same behavior [Ref92, Ref93], to convolve the

neural response with a Gaussian kernel [Ref15], or in general, to define a variety of neural

activity measures [Ref94]. However, more success was found in approaches that explicitly

model neural responses as a dynamical system, including methods treating the population

dynamics as being linear [Ref50, Ref51], switched linear [Ref16], non-linear [Ref20, Ref25],

or reduced projected nonlinear models [Ref94]. Recent approaches leveraging recurrent
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neural networks (RNN) have shown promising progress in modeling distinct components

of a dynamical system - neural latent states, initial conditions and external inputs - on a

moment-to-moment basis [Ref20, Ref95, Ref96]. These sequential methods rely on continuous

processing of neural inputs at successive timesteps, causing latency that hampers applicability

in real-time decoding of neural signals. Consequently to RNN-based approaches, Neural Data

Transformer (NDT) [Ref25] was proposed as a non-recurrent approach to improve inference

speed by leveraging the transformers architecture which learns and predicts momentary inputs

in parallel [Ref19]. While successful, NDT has only focused on modeling the relationship

of neural population activity between timesteps while ignoring the rich covariation among

individual neurons. Neurons in a population have been shown to have heterogeneous tuning

profiles where each neuron has a different level of preference to a particular muscle movement

direction [Ref97, Ref98]. Neuron pairs also exhibit certain degree of correlation in terms of

trial-to-trial variability (noise correlation) that affects the ability to decode the behaviors they

represent [Ref9, Ref99]. These spatial correlations characterize the amount of information

that can be encoded in the neural population [Ref99], necessitating the need to model the

neural population activity across both time and space dimensions.

3.2 Contributions

In this work, we propose to incorporate the information distributed along the spatial dimension

to improve the learning of neural population dynamics, and introduce SpatioTemporal Neural

Data Transformer, an architecture based on Neural Data Transformer which explicitly learns

both the spatial covariation between individual neurons and the temporal progression of the

entire neural population. We summarize our main contributions as follows:

• We introduce STNDT which allows the transformer to learn both the spatial coordination

between neurons and the temporal progression of the population activity by letting

neurons attend to each other while also attending over temporal instances.

• We propose a contrastive training scheme, complementary to the mask modeling objec-
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tive, to ensure the robustness of model prediction against induced noise augmentations.

• We validate our model’s performance on four neural datasets in the publicly available

Neural Latents Benchmark suite [Ref100] and show that ensemble variants of our model

outperforms other state-of-the-art methods, demonstrating its capability to model

autonomous and non-autonomous neural dynamics in various brain regions while being

agnostic to external behavior task structures.

• We show that the spatial attention, a feature unique to STNDT, identifies consistently

important subsets of neurons that play an essential role in driving the response of the

entire population. This exclusive attribute of STNDT provides interpretability and key

insights into how the neural population distributes the computation workload among

the neurons.

3.3 Methods

Problem formulation: Single-trial spiking activity of a neural population can be represented

as a spatiotemporal matrix X ∈ NT×N , where each column Xi ∈ NT is the time series of

one neuron, T is the number of time bins for each trial, and N is the number of neurons in

the population. Each element Xtn in the matrix is the number of action potentials (spikes)

that neuron n fires within the time bin t. Spike counts are assumed to be samples of an

inhomogeneous Poisson process P (λ(t, n)) where λ(t, n) is the underlying true firing rate of

neuron n at time t. The matrix Y ∈ RT×N containing λ(t, n) fully represents the dynamics

of the neural population and explains the observable spiking data of the respective trial. We

propose to learn the mapping ϕ(X;W ) : X → Y by the Spatiotemporal Transformer with

the set of weights W .

Spatiotemporal Neural Data Transformer: At the core of the transformer archi-

tecture is the multihead attention mechanism, where feature vectors learn to calibrate the

influence of other feature vectors in their transformation. Spike trains are embedded into

feature matrices X̃ with added sinusoidal positional encoding to preserve order information as
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Figure 3.1: Spatiotemporal Neural Data Transformer (STNDT) architecture. Separate

multihead self-attention modules are trained to learn spatial covariation and temporal

progression of neural activities. Temporal attention feature matrix is treated as the matrix V

upon which spatial attention is multiplied to give the final spatiotemporal features. Colors

represent entities over which self attention is performed. The complete STNDT consists of

multiple layers of such spatiotemporal attention modules.

initially proposed in [Ref19]. We employed separate embeddings to encode positions in each

temporal and spatial dimension individually, resulting in two distinct feature embeddings

X̃T = Emb(X) + PT and X̃S = Emb(X⊤) + PS.

A set of three matrices WQ
T , WK

T , W V
T ∈ RN×N are learned to transform T N -dimensional

embedding X̃T = {x̃1, x̃2, ..., x̃T} to queries QT = X̃TW
Q
T , keys KT = X̃TW

K
T and values

VT = X̃TW
V
T , upon which latent variable ZT is computed as:

ZT = Attention(QT , KT , VT ) = F

softmax

(
QTK

⊤
T√

N

)
VT

 (3.1)
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The outer product of QTK
⊤
T represents the attention each xi pays to all other xj and

determines how much influence their values vj have on its latent output zi. F is the sequence

of concatenating multiple heads and feeding through a feedforward network with ReLU

activation [Ref19]. We used 2 heads for all reported models.

Implementations of transformers in popular applications such as in natural language

processing literature consider each feature vector xi as an N -dimensional token in a sequence,

equivalent to a word in a sentence. Elements in the N -dimensional vector therefore serve as

a convenient numerical representation and do not have inherent relationships among them.

The attention mechanism thus only models the relationship between tokens in a sequence. In

our application, each feature vector xi is a collection of firing activities of N physical neurons

among which there exists an interrelation as neuronal population acts as a coordinated

structure with complex interdependencies rather than standalone individuals. We therefore

propose to model both the temporal relationship - the evolution of neural activities - and the

spatial relationship - covariability of neurons - by learning two separate multihead attention

blocks (Figure 3.1). The temporal latent state ZT is computed with temporal attention block

as in Equation 4.8. In parallel, spatial attention block operates on the spatial embedding X̃S

and learns an attention weights matrix signifying the relationship between neurons:

AS = softmax

(
QSK

⊤
S√

T

)
(3.2)

where QS = X̃SW
Q
S and KS = X̃SW

K
S .

This AS matrix is then multiplied with the transpose of temporal latent state ZT to

incorporate the influence of spatial attention on the final spatiotemporal latent state ZST :

ZST = F(ASZ
⊤
T ) (3.3)

For stable training, as in [Ref19] we used layer normalization before X̃T , X̃S, ASZ
⊤
T and

feedforward layers. Residual connections are also employed around temporal attention,

feedforward layers and ASZ
⊤
T .
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Mask modeling and contrastive losses: Similar to [Ref25], we train the spatiotemporal

transformer in an unsupervised way with BERT’s mask modeling objective [Ref27]. During

training, a random subset of spike bins along both spatial and temporal axes of input X are

masked (zero-ed out or altered) and the transformer is asked to reconstruct the log firing

rate at the masked bins such that the Poisson negative log likelihood is minimized:

Lmask =
N∑
i=1

T∑
j=1

exp(z̃ij) − x̃ij z̃ij (3.4)

where z̃ij and x̃ij are the log output firing rate and input spike of neuron i at timestep j if

location ij is masked.

Neural dynamics are shown to be embedded in a low-dimensional space, i.e. model

prediction should be fairly consistent when a smaller subset of neurons are used compared

to when the entire population is taken into account. Furthermore, in stereotyped behaviors

often found in neuroscience experiments, trials with the same condition should yield similar

output firing rate profiles. Therefore, to enhance robustness of model prediction to neural

firing variability we further constrain model firing rate outputs by a contrastive loss, such

that different augmentations of the same trial input remain closer to each other and stay

distant to other trial inputs. We adopt the NT-XEnt contrastive loss introduced in [Ref29]:

Lcontrastive =
∑
ij

lij =
∑
ij

−log
exp(sim(zi, zj)/τ)∑2N

k=1 1k ̸=iexp(sim(zi, zk)/τ)
(3.5)

where sim(u, v) = u⊤v/(∥u∥∥v∥) is the cosine similarity between two predictions u and v on

two different augmentations of input x and τ is the temperature parameter.

Transformations such as dropping out neurons and jittering samples in time have been

used to create different views of neural data [Ref101]. In our work, we define the augmentation

transformation as random dropout and alteration of spike counts at random elements in

the original input matrix X, similar to how masking is done, i.e. zero out or change spike

counts to random integers at random neurons and timesteps. See Appendix for details on

probabilities used to create these augmentations.
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Figure 3.2: A: co-bps metrics improves when multiple models are ensembled together. B:

STNDT facilitates accurate inference of behavior from spiking data. Decoded hand trajectories

from 4 trials (dashed line) closely match the ground truth trajectories (solid line). C: STNDT

uncovers the stereotyped feature of neural activity in structured behaviors. Firing rate

prediction and PSTHs of three example neurons are shown. Trials belonging to the same

condition are plotted with the same color (4 trials per condition shown). All results are shown

for MC Maze dataset.

Bayesian hyperparameter tuning: We follow [Ref102] to use Bayesian optimization

for hyperparameters tuning. We observe that the primary metrics co-smoothing bits/spike

(co-bps) are not well correlated with the mask loss (see Appendix), while co-bps, vel R2, psth

R2 and fp-bps are more pairwise correlated. Therefore, we run Bayesian optimization to

optimize co-bps for M models then select the best N models as ranked by validation co-bps,

and ensemble them by taking the mean of the predicted rates of these N models.
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3.4 Results

Datasets and evaluation metrics: We evaluate our model performance on four neural

datasets in the publicly available Neural Latents Benchmark [Ref100]: MC Maze, MC RTT,

Area2 Bump, and DMFC RSG. The 4 datasets cover autonomous and non-autonomous

neural population dynamics recorded on rhesus macaques in a variety of behavioral tasks

(delayed reaching, self-paced reaching, reaching with perturbation, time interval reproduction)

spanning multiple brain regions (primary motor cortex, dorsal premotor cortex, somatosensory

cortex, dorso-medial frontal cortex). The diverse scenarios and systems offer comprehensive

evaluation of a latent variable model and serve as a standardized benchmark for comparison

between different modeling approaches. We use different metrics to measure performance of

our model depending on the particular behavior task of each dataset, following the standard

evaluation pipeline in [Ref100]. We evaluate and report our model performance on the hidden

test split held by NLB to have a fair comparison with other state-of-the-art (SOTA) methods.

See [Ref100] for further details of evaluation strategy and how the metrics are calculated.

• Co-smoothing (co-bps): the primary metric, measuring the ability of the model to

predict activity of held-out neurons it has not seen during training. Co-bps is tied to

the goodness of mask loss evaluated for held-out neurons.

• Behavior decoding (vel R2 or tp-corr): measures how useful the model firing rates

prediction can be used to decode behavior (the velocity of primate’s hand in the cases

of MC Maze and Areas Bump datasets, or the correlation between neural speed and

time between Set cue and Go response in DMFC RSG dataset).

• Match to peri-stimulus time histogram (psth R2): indicates how well pre-

dicted firing rates match the peri-stimuls time histogram in repeated, stereotyped task

structures.

• Forward prediction (fp-bps): measures model’s ability to predict unseen future
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Table 3.1: Performance of STNDT as compared to SOTA methods on MC Maze and MC RTT

datasets

MC Maze MC RTT

Methods co-bps↑ vel R2↑ psth R2↑ fp-bps↑ co-bps↑ vel R2↑ fp-bps↑

GPFA 0.1872 0.6399 0.5150 − 0.1548 0.5339 −

Smoothing 0.2109 0.6238 0.1853 − 0.1468 0.4142 −

SLDS 0.2249 0.7947 0.5330 1.1579 0.1649 0.5206 0.0620

MINT 0.3304 0.9121 0.7496 0.2076 0.1676 0.5953 0.1012

AutoLFADS 0.3364 0.9097 0.6360 0.2349 0.1868 0.6167 0.1213

iLQR-VAE 0.3559 0.8840 0.6062 0.1480 − − −

AESMTE1

(single)

0.3599 0.9105 0.6641 0.2470 0.1927 0.6627 0.1229

AESMTE3

(ensemble)

0.3676 0.9114 0.6683 0.2589 0.2053 0.6334 0.1344

STNDT

single

(ours)

0.3691 0.8985 0.6567 0.2505 0.1938 0.6143 0.0988

STNDT

ensemble

(ours)

0.3862 0.9095 0.6693 0.2686 0.2095 0.6270 0.1244

activity of the neural population. It is computed in the similar manner as co-bps but

on the held-out time points of all neurons.

Baselines: We compare STNDT against the following baselines, all of which have been

evaluated using the same held-out test split.
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Table 3.2: Performance of STNDT as compared to SOTA methods on Area2 Bump and

DMFC RSG datasets

Area2 Bump DMFC RSG

Methods co-

bps↑

vel

R2↑

psth

R2↑

fp-

bps↑

co-

bps↑

tp-corr↓ psth

R2↑

fp-bps↑

GPFA 0.1680 0.5975 0.5289 − 0.1176 −0.3763 0.2142 −

Smoothing 0.1544 0.5736 0.2084 − 0.1202 −0.5139 0.2993 −

SLDS 0.1960 0.7385 0.5740 0.0242 0.1243 −0.5412 0.3372 −0.0418

MINT 0.2735 0.8877 0.91350.1483 0.1821 −0.6929 0.7013 0.1650

AutoLFADS 0.2569 0.8492 0.6318 0.1505 0.1829 −0.8248 0.6359 0.1844

iLQR-VAE − − − − − − − −

AESMTE1 (single) 0.2801 0.8675 0.6367 0.1523 0.1733 −0.6189 0.5267 0.1511

AESMTE3 (ensemble) 0.2860 0.89990.7109 0.16030.1886 −0.7601 0.6064 0.1828

STNDT single (ours) 0.2818 0.8766 0.6454 0.1357 0.1859 −0.5205 0.6051 0.1601

STNDT ensemble (ours) 0.28980.8913 0.7368 0.1476 0.1940−0.4857 0.6452 0.1910

• Smoothing [Ref100]: A simple method where a Gaussian kernel is convolved with

held-in spikes to produce smoothed held-in firing rates. Then a Poisson Generalized

Linear Model (Poisson GLM) is fitted from the held-in smoothed rates to held-out

rates.

• GPFA [Ref15]: extracts population latent states as a smooth and low dimensional

evolution by combining smoothing and dimension reduction in a common probabilistic

framework.

• SLDS [Ref16]: models neural dynamics as a switching linear dynamical system, which

breaks down nonlinear data into sequences of simpler dynamical modes.
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• AutoLFADS [Ref95]: models population activity as a non-linear dynamical system

with bi-directional recurrent neural networks at the core and a scalable framework of

hyperparameter tuning.

• MINT [Ref103]: an interpretable decode algorithm that exploits the sparsity and

stereotypy of neural activity to interpolate neural states using a library of canonical

neural trajectories.

• iLQR-VAE [Ref52]: improves upon LFADS with iterative linear quadratic regulator

algorithm, an optimization-based recognition model to replace RNN as the inference

network.

• NDT [Ref25]: leverages transformer architecture with some adaption to neural data

to model temporal progression of neural activity across time. AESMTE1 is the best

single model and AESMTE3 is the best emsemble of multiple models found as a result

of Bayesian hyperparameter tuning [Ref102].

Spatiotemporal transformer achieves state-of-the-art performance in modeling

autonomous dynamics We first tested STNDT on recordings of dorsal premotor (PMd)

and motor cortex (M1) of a monkey performing a delayed reaching task (MC Maze dataset)

to evaluate the ability of STNDT to uncover single-trial population dynamics in a highly

structured behavior. The dataset has been studied extensively in previous work [Ref20, Ref25,

Ref95]. It consists of 2869 trials of monkey performing a center-out reaching task in a maze

with obstructing barriers, composing 108 different conditions for straight and curved reaching

trajectories. The monkey is trained to hold the cursor at the center while the target is

presented and only move the cursor to reach the target after a ‘Go’ cue. The neural dynamics

during the preparation and execution periods is well modeled as an autonomous dynamical

system [Ref20].

We observed that by explicitly modeling spatial interaction, STNDT outperformed other

state-of-the-art methods and improved NDT’s ability to model autonomous single-trial
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Figure 3.3: Visualization of STNDT’s spatial attention weights in the first and last layers of

four example trials. Attention weights in layer 1 reveal a consistent subset of neurons that are

heavily attended to by all neurons in the population. The attention becomes more dispersed

in deeper layers. Results are shown for 182 neurons in MC Maze dataset.

dynamics as measured by the negative log likelihood of unobserved neural activity. The single

STNDT model improved both Poisson log likelihood of heldout neurons (co-bps) and heldout

timesteps (fp-bps). The performance is further increased by aggregating multiple STNDT

models as shown in Table 3.1 and Figure 3.2A.

Since MC Maze features repeated trials, the prediction of any latent variable models

should uncover stereotypical patterns of neuronal responses for trials belonging to the same

condition. Therefore, we computed PSTH which is the average of neural population response

across trials of the same condition, and measure R2 matching of model prediction to this

PSTH. We observed that with the help of spatial modeling and contrastive loss, STNDT

boosts NDT ability to recover this stereotyped firing pattern 3.1. We show in Figure 3.2C

several responses of example neurons. STNDT firing rates prediction of trials under the same
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Figure 3.4: Spatial attention module, unique to STNDT, identifies important neurons that

are the main driving force of population response to behavioral task. Performance of STNDT

as measured by four evaluation metrics are plotted as neurons are incrementally dropped

from input neural population. Performance significantly deteriorates when important neurons

identified by STNDT are dropped, while only decreases slightly when random neurons are

dropped. The effect of important neurons indentified by STNDT generalizes to vanilla NDT,

which lacks a spatial attention structure. Shaded region represents 2 standard error of the

mean. Results are shown for MC Maze dataset.

condition exhibit a consistent, stable PSTH as desired. These predicted rates also decode

behaviors accurately when mapped to hand velocity via a linear regression model (Table 3.1,

Figure 3.2B).

Spatiotemporal transformer improves inference of non-autonomous neural

dynamics underlying naturalistic behaviors There is much interest in systems neuro-
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science to study neural dynamics in unconstrained, naturalistic behaviors as it is crucial for

developing ubiquitous BCI decoders. We evaluated STNDT’s applicability to this setting

via recordings in primary motor cortex during self-paced reaching task (MC RTT dataset)

[Ref100, Ref104]. Unlike MC Maze dataset, the monkey in this task continuously acquires

targets which appear randomly in an 8x8 grid without preparatory periods, resulted in a

wide variety of hand trajectories and trial lengths. We observe that STNDT achieves SOTA

performance on the primary metric co-bps and performs on par with NDT on remaining

metrics, while maintaining a more robust performance against random initializations of model

weights (Table 3.1 and Appendix).

Spatiotemporal transformer better captures input-driven dynamics underlying

sensory processes We next tested STNDT in a setting where unexpected input perturbations

affect the neural dynamics in somatosensory cortex to probe whether STNDT can leverage

spatial interaction to improve modeling of non-autonomous dynamics in this brain region.

Area2 Bump dataset consists of recordings from the Area 2, which was shown in previous

works to be driven by mechanical perturbation to the arm and contains information about

whole-arm kinematics [Ref100, Ref105]. The task comprises of active and passive trials with a

center hold period at the start. During active trials, the monkey performs a classic center-out

reaching task. In passive trials, a force is applied on the monkey’s hand in a random direction

via a manipulandum, after which the monkey has to return to the center target and proceed

with the task as in active trials. Despite the relatively small scale of the dataset, STNDT

brings about further improvements to NDT performance in terms of co-bps and psth-R2, on

both single and ensemble levels.

Spatiotemporal transformer enhances prediction of neural population activity

during cognitive task Dorsomedial frontal cortex (DMFC) is believed to serve as an

intermediate layer between low-level sensory and motor areas, and possess distinct confluence

of internal dynamics and inputs [Ref106, Ref107]. We are therefore interested to see if char-

acterizing spatial relationship alongside temporal relationship and incorporating contrastive

loss could help STNDT better model the dynamics in this brain region. We tested STNDT
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Table 3.3: Pearson’s correlation between spatial attention weight of a neuron versus mean

and variance of its spiking activity.

MC Maze MC RTT Area2 Bump DMFC RSG

ρ(spike mean, attn weight) 0.0164 0.2217 0.0327 0.0852

ρ(spike var, attn weight) 0.0124 0.2189 0.0353 0.0937

on the DMFC RSG dataset [Ref100, Ref107] consisting of recordings from a rhesus macaque

performing a time-interval reproduction task. The monkey is presented two ‘Ready’ and ‘Set’

stimuli separated by a specific time interval ts while fixating eye and hold the joystick at the

center position. It then has to execute a ‘Go’ response by either an eye saccade or joystick

movement such that the time interval tp between its reponse and the ‘Set’ cue is sufficiently

close to ts. STNDT successfully captures the dynamics in this cognitive task, outperforming

NDT by a large margin across co-bps, psth-R2 and fp-bps on both single and ensemble level

(Table 3.2).

Spatial attention mechanism identifies important subsets of neurons driving

the population dynamics

In Figure 3.3, we visualize spatial attention weights obtained from STNDT on the

MC Maze dataset in the first and last attention layers. Interestingly, spatial attention shows

that in early layers, only a small subsets of neurons in the population are consistently attended

to by all neurons. The spatial attention tends to disperse as the model goes to deeper layers.

Strikingly, the subset of heavily-attended neurons stays relatively identical across different

trials, hinting that these neurons might play a crucial role in driving the population response

to the behavior task. We further tested this hypothesis by incrementally dropping the neurons

heavily attended to (i.e. zeroing out their spiking activity input to the model) in a descending

order of their attention weights identified in the first layer. We observed that dropping these

important neurons identified by STNDT caused a significant decline in the model performance
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(Figure 3.4). The performance decline was significantly more than the case where the same

number of random neurons are dropped. To rule out the possible case that dropping neurons

only has adverse effect on the spatial attention module but that effect propagates to the

subsequent modules and indirectly impacts the performance of the overall STNDT pipeline,

we repeated the experiment on the vanilla NDT model which, unlike STNDT, lacks a spatial

attention structure. Interestingly, we observed the same performance deterioration when we

dropped the spiking activity of STNDT-identified important neurons and asked a pretrained

vanilla NDT to make inference on the resulting inputs. This finding suggests that the impact

of the important neurons that only STNDT can identify might potentially generalize to other

latent variable models that without input from these neurons, some latent variable models

might not function optimally.

We further examine whether important neurons were selected by the spatial attention

mechanism based on some criteria more sophisticated than simple firing statistics, as more

active neurons tend to have higher signal-to-noise ratio and might encode more useful

information with regard to behaviors. We find that the important neurons are not the ones

with the highest spike counts or the least variability in spiking activity. In fact, attention

weights of a neuron do not correlate or only correlate weakly to its firing activity statistics, as

we show in Table 3.3 the Pearson’s correlation of a neuron’s attention weight with the mean

and variance of its spiking activity. All correlation values have p-value < 1e-4. These results

indicate that STNDT’s spatial attention has picked up on meaningful population features

that are more significant than firing statistics of the neurons.

3.5 Appendix

3.5.1 Training details

We perform Bayesian hyperparameter optimization to obtain 120 candidates on each dataset

for subsequent model ensembling. Training was done on RTX 2080 Ti GPUs. The sweep

ranges for hyperparameters optimization are shown in Table 3.4.
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Table 3.4: Training details

MC Maze MC RTT Area2 Bump DMFC RSG

Dropout ratio 0 – 0.4 0 – 0.4 0 – 0.6 0 – 0.4

Temporal backward context 1 – 100 1 – 100 1 – 100 1 – 240

Temporal forward context 1 – 100 1 – 100 1 – 100 1 – 240

Initial learning rate
1e-5

– 1e-2

1e-4

– 1e-1

1e-5

– 1e-2

1e-5

– 1e-2

Learning rate warmup 0 – 7000 0 – 7000 0 – 7000 0 – 2000

Mask ratio 0 – 0.4 0 – 0.4 0 – 0.6 0 – 0.4

Zero mask ratio 0.5 – 1.0 0.5 – 1.0 0.5 – 1.0 0.5 – 1.0

Random mask ratio 0.3 – 1.0 0.6 – 1.0 0.9 – 1.0 0.9 – 1.0

Training time
∼65 hrs

6 GPUs

∼71 hrs

4 GPUs

∼19 hrs

5 GPUs

∼91 hrs

4 GPUs

Ensemble size 20 40 50 77

3.5.2 Model robustness across random initializations

To assess the robustness of STNDT against random initializations, we trained our best

STNDT model and best AESMTE model with five different random seeds and report the

mean as well as the standard error in Tables 3.5-3.8 below. For AESMTE, we used the same

public code and the same set of hyperparameters of the best performing model they provided

to ensure a fair comparison. All the results are obtained on the hidden test set held by NLB.

The results indicate that STNDT maintains a gap over AESMTE and is more robust across

initializations. The effect is observed on all four datasets and is most notable on the primary

metric co-bps.
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Table 3.5: Performance (mean±SEM) of STNDT with and without contrastive loss (CL)

across 5 random seeds on MC Maze dataset.

MC Maze

Methods co-bps↑ vel R2↑ psth R2↑ fp-bps↑

AESMTE1 (single) 0.3476± 0.0035 0.9057± 0.0006 0.6320± 0.0071 0.2365± 0.0031

STNDT single w/o CL 0.3659± 0.0003 0.8937± 0.0013 0.6562± 0.0029 0.2446± 0.0014

STNDT single w/ CL 0.3668± 0.0005 0.8932± 0.0012 0.6534± 0.0046 0.2447± 0.0009

Table 3.6: Performance (mean±SEM) of STNDT with and without contrastive loss (CL)

across 5 random seeds on MC RTT dataset.

MC RTT

Methods co-bps↑ vel R2↑ fp-bps↑

AESMTE1 (single) 0.1729± 0.0090 0.5847± 0.0618 0.0974± 0.0044

STNDT single w/o CL 0.1883± 0.0019 0.6021± 0.0051 0.0958± 0.0039

STNDT single w/ CL 0.1923± 0.0009 0.5996± 0.0060 0.0932± 0.0030

3.5.3 Correlations of evaluation metrics

We show in Figure 3.5 the correlation between evaluation metrics and validation mask loss

obtained at the final training epoch where the best model is checkpointed. The mask loss

is still a good objective to guide the training in the early episodes. However, after reaching

certain goodness of fit, it is no longer indicative of the model performance as measured

by the four metrics. Therefore we chose to optimize the co-bps metric during Bayesian

hyperparameter optimization.
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Table 3.7: Performance (mean±SEM) of STNDT with and without contrastive loss (CL)

across 5 random seeds on Area2 Bump dataset.

Area2 Bump

Methods co-bps↑ vel R2↑ psth R2↑ fp-bps↑

AESMTE1 (single) 0.2483± 0.0096 0.8370± 0.0175 0.5628± 0.0423 0.1261± 0.0080

STNDT single w/o CL 0.2717± 0.0011 0.8730± 0.0048 0.7145± 0.0029 0.1435± 0.0019

STNDT single w/ CL 0.2738± 0.0009 0.8720± 0.0020 0.7098± 0.0038 0.1477± 0.0025

Table 3.8: Performance (mean±SEM) of STNDT with and without contrastive loss (CL)

across 5 random seeds on DMFC RSG dataset.

DMFC RSG

Methods co-bps↑ tp-corr ↓ psth R2↑ fp-bps↑

AESMTE1 (single) 0.1795± 0.0008 −0.7297±0.0104 0.5584± 0.0207 0.1597± 0.0041

STNDT single w/o CL 0.1820± 0.0011 −0.5210±0.0435 0.6080± 0.0015 0.1429± 0.0059

STNDT single w/ CL 0.1840± 0.0008 −0.5148±0.0408 0.6097± 0.0071 0.1444± 0.0095
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Figure 3.5: Correlations of evaluation metrics. A: Four evaluation metrics of 120 models

obtained from Bayesian hyperparameter optimization on MC Maze dataset are plotted against

mask loss. The metrics evaluated at the end of the training do not correlate well with mask

loss. B: The four metrics are more correlated with each other, therefore we opted for co-bps

as the objective for Bayesian hyperparameter optimization.
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Chapter 4

LEARNING TIME-INVARIANT REPRESENTATIONS FOR
INDIVIDUAL NEURONS FROM MULTI-SESSION

POPULATION DYNAMICS

This chapter contains material that was previously published in [TL2].

4.1 Background

Population recordings of neuronal activity enable relating behaviorally-relevant dynamics

to the summary activity of the recorded population. While this has produced numerous

insights into how the brain works [Ref9], the activity and identity of individual neurons should

be analyzed to achieve a mechanistic understanding at the implementation level [Ref108],

which may hold the key to new biologically-inspired algorithms [Ref109, Ref110]. Moreover,

emerging experimental evidence suggests that neurons have diverse yet stable molecular

identities, which can dictate their computational roles [Ref111, Ref7].

Joint (i.e., multimodal) profiling and alignment of electrophysiological features and gene

expression of individual neurons suggest a good correspondence between these two modalities

in slice experiments [Ref112, Ref113, Ref114, Ref115, Ref116]. Recently, population recordings

of calcium activity followed by spatially registered single-cell transcriptomic recordings enabled

similar joint profiling of in-vivo activity and molecular identity [Ref7]. Importantly, such

activity depends on both the intrinsic physiological properties of neurons and the exogenous

inputs (synaptic and modulatory) to those neurons, which are themselves a product of both

sensory inputs to the organism and the recurrent activity in the brain.

While recording from molecularly defined neuron populations has been a popular method,

these experiments do not allow for studying the concurrent responses of different neuron
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types to stimuli. On the flip side, joint profiling of panneuronal population activity and

transcriptomics is slow, expensive, and not available to many research labs. Learning the

association between these two observation modalities can minimize the need for joint profiling

and provide neurobiological insights.

The constancy of neuronal identity in adults in the face of a potentially rapidly changing

environment represents a key challenge: the inferred identity should be invariant to time and

the task that the organism engages with, suggesting that the inference method should ideally

be invariant to those variables. In the absence of a priori information on identity, it is also

desirable that the invariance extends to the number and the (arbitrary) ordering of experi-

mental population. Moreover, a technical challenge common to many multimodal datasets is

that only a relatively small fraction of the observations tend to be jointly characterized (or

otherwise labeled), limiting the applicability of supervised approaches.

4.2 Contributions

To address these problems,

• We develop a self-supervised approach – Neuronal Time-Invariant Representations

(NeuPRINT), to infer neuronal identity from population recordings by forming a model

of activity dynamics that depends only on past activity of the neuron itself and statistics

of past population activity that are invariant to the ordering of the individuals and

asymptotically invariant to the size of the population.

• We demonstrate the utility of the inferred identities by reporting the performance of a

simple classifier of transcriptomic identity on those representations and other baselines.

• We also study the impact of providing similarly invariant yet more detailed information

on the population by partitioning it into center vs surround subsets, reflecting a well-

known yet simple connectional and functional property of neuronal circuits [Ref117,

Ref118, Ref119].
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4.3 Methods

Implicit dynamics models for neuronal activity: Neuronal dynamics are significantly

more complex than the HH equations because the physical distribution of the various

channels on the neuronal arbor, nonlinear computing abilities of the dendrites, modulatory

communication between neurons,etc. can (i) modulate the neuron-specific parameter set,

(ii) add more parameters to that set, and (iii) change the functional form of HH equations.

Moreover, the relationship between the membrane voltage and the observable of most neuronal

population activity experiments, the calcium dynamics, is itself complex. Finally, it appears

impossible to perform the detailed measurements needed to fit the parameters of the HH

equations based on in vivo experiments with current technology. Thus, we pursue an implicit

modeling approach while trying to capture the fundamental dependencies with the help of

flexible deep neural network parametrization. Let X
(i)
t denote the calcium activity of neuron

i at time t and consider the following equation for dynamics:

dX
(i)
t

dt
= f(X

(i)
t , P̄

(−i)
t ,Φ(i)), (4.1)

where P̄
(−i)
t denotes the activity of all the neurons that provide (synaptic or extra-synaptic)

input to neuron i at time t. Φ(i) denotes a time-invariant representation for neuron i, which

implicitly captures the intrinsic parameters of HH equations and other such time-invariant

aspects of neuronal identity.

Permutation-invariant summary of population activity: Even if neurons were

identifiable in population imaging experiments, the connectivity of neurons and our ob-

servations of it can be considered as stochastic events [Ref120]. Therefore, to enable the

transfer of knowledge across sessions, experiments, and individuals, it is highly desirable to

approximate the dependency of neuronal dynamics on P̄t (Eq. 4.1) in a way that is invariant

to permutations, number, and detailed identity of the neurons contributing to it. To achieve

this, we propose to replace P̄t with multiple (asymptotically) invariant statistics of the activity

of a neighboring population of neurons, such as average activity [Ref121].
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Figure 4.1: Overview of self-supervised representation learning framework NeuPRINT. Activi-

ties of N neurons (recorded by 2-photon calcium imaging of the mouse primary visual cortex)

and behavior information (pupil size, running speed, etc.) across multiple sessions are used

as inputs to fit an implicit dynamical model f and learn time-invariant N ×K representation

Φ. The learned representations are later evaluated on supervised downstream tasks to predict

transcriptomic class & subclass identities. In the optimization framework, neuron-specific

representation Φi is repeated at every time step, then concatenated with masked past neuronal

activity X̃
(i)
t−W+1:t and permutation-invariant population inputs P̄t−W+1:t to form the input.

The transformer model is trained to predict neural activity X̂
(i)
t+1 at the masked step with a

causal attention mask over the W -step context window.

Behavioral observations, such as pupil diameter, can serve as indirect readouts on the

activity of unobserved neurons. Concatenating these observations with the aforementioned

statistics will enrich the exogenous input observed by the dynamical model. We call this new

concatenated variable Pt.

Center-surround partition: Synaptic connection probability between neurons de-

pends on distance [Ref117, Ref118]. Similarly, neuronal co-variability correlates with spatial

distance [Ref119]. To include this neurobiological insight while maintaining permutation-
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invariance of our model, we propose a simple extension: we partition the population activity

into two groups, center and surround, and compute the relevant invariant statistics for each

group separately. Such partitioning is easy to obtain in calcium imaging experiments since

the distances between the somata of neurons are readily available. Beyond its simplicity,

this choice is also motivated by surround suppression being a connectivity motif in the

brain [Ref122, Ref123].

Discrete-time dynamical model of neuronal activity: We re-write neuronal dynam-

ics in discrete time as

X
(i)
t+1 = f(X

(i)
t−W+1:t, (C

(−i)
t−W+1:t, S

(−i)
t−W+1:t, Bt−W+1:t),Φ

(i)), (4.2)

where X ∈ RN×T represents the activity data for the whole recorded population with N

neurons and T time steps. C, S, and B represent D, D, and D’-dimensional permutation-

and size-invariant (i.e., N) surrogates for brain activity at each time point. C and S compute

identical statistics of population activity (here, mean and standard deviation) except that

the statistics in C are calculated over the center partition (neurons whose distance to

neuron i is at most ∆) and the statistics in S are calculated over the surround partition

(neurons whose distance to neuron i is larger than ∆), see Appendix 4.5.5.1. Here, ∆ is a

hyperparameter. B denotes the contribution of time-resolved behavioral observations. Hence,

the triplet (Ct, St, Bt) corresponds to P̄t. Φ(i) ∈ RK denotes a K-dimensional time-invariant

representation for neuron i, and W denotes the width of the available temporal context. The

subscripts denote the limits of the time interval within which the corresponding variable is

available to f .

Self-supervised Representation Learning Framework with Transformer: We

thus propose to solve the following self-supervised optimization problem to infer both the

function f and Φ(i):

arg min
f,{Φ(i)}i

∑
i,t

E
X

(i)
t+1

||X(i)
t+1 − f(X

(i)
t−W+1:t, (C

(−i)
t−W+1:t, S

(−i)
t−W+1:t, Bt−W+1:t),Φ

(i))||, (4.3)

where || · || denotes a norm. It is worth pointing out that f depends on the neuron of interest

or other neurons in the population only through its explicit parameters. The reason for
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this choice is to maintain the transferability and ubiquity of the learned model f , the first

argument of the optimization, while summarizing neuronal variability with Φ(i), the second

argument.

The idea of inferring invariant representations for neurons directly from in vivo recordings

by fitting a dynamical model (i.e., predicting activities in the next time step) is reminiscent

of, and motivated by, the recent spectacular successes of “foundation models” in natural

language modeling [Ref81], where capturing the dynamics of a complicated system produces

an implicit understanding of the dynamics and identity of its components. This procedure has

been shown useful for multiple downstream tasks [Ref81]. Therefore, we use a transformer

model [Ref19] to parametrize the function f . Unlike previous uses of the transformers for

neural data [Ref25, TL1], the input tokens in our model do not come from a countable set

because raw calcium recordings are best represented by real valued signals.

To train the transformer and the time-invariant representation, we first generate masked

activity inputs X̃
(i)
t+1, where neuronal activity at time t+ 1 is zero-out. This masked activity

and the past activities X̃
(i)
t−W+1:t are concatenated with the time-invariant representations

Φ(i) and permutation-invariant summary of population dynamics P̄t−W+1:t to form the inputs

to the transformer. We ask the transformer to predict the activity at the masked step, and

compute the loss from the predicted activity X̂
(i)
t+1 and ground truth activity X

(i)
t+1. The

dynamical model f and time-invariant representation Φ(i) are jointly learned during the

optimization. To perform this task, the transformer has to learn the temporal progression of

neuronal activity conditioned on the neuronal identity and the causal temporal context of

individual and population statistics.

4.4 Results

4.4.1 A Multimodal Dataset

We use a recent, public multimodal dataset to train and demonstrate our model: Bugeon

et al. [Ref7] obtained population activity recordings from the mouse primary visual cortex



44

Input — Individual without Population Individual with Population

Supervision
Lower

Bound

Data-Limited

Supervised
Unsupervised

Self-

supervised

Data-Limited

Supervised

Self-

supervised

Task Model Random LOLCAT
Trans

+ISI

Trans

+Raw
PCA UMAP NeuPRINTLOLCAT

Trans

+ISI

Trans

+Raw
NeuPRINT

Subclass

KNN 0.260 — — — 0.263 0.281 0.415 — — — 0.610

Linear 0.256 0.404 0.474 0.474 0.316 0.404 0.537 0.474 0.491 0.386 0.683

MLP 0.302 — 0.561 0.439 0.330 0.340 0.512 — 0.526 0.386 0.756

Class

KNN 0.488 — — — 0.536 0.584 0.652 — — — 0.711

Linear 0.526 0.600 0.664 0.669 0.544 0.576 0.697 0.608 0.680 0.608 0.793

MLP 0.523 — 0.640 0.664 0.565 0.520 0.752 — 0.632 0.616 0.807

Table 4.1: Top-1 accuracy of transcriptomic label prediction based on representations learned

by (i) our proposed self-supervised representation learning from neural dynamics framework Ne-

uPRINT, (ii) the supervised learning method LOLCAT and its variants Transformer+ISI and

Transformer+Raw, (iii) unsupervised baselines PCA and UMAP, (iv) random representations

(to determine the chance-level). Note that this experiment corresponds to a data-limited regime

due to limited labeled data. We performed classification using three classifiers (KNN, Linear,

MLP) and two tasks: predicting the subclass from the set {Lamp5,Pvalb,Vip, Sncg, Sst},

and predicting the cell class from the set {excitatory, inhibitory}. We study the performance

of different models using only individual neuronal activity vs adding population statistics as

input.

(V1) via calcium imaging, followed by single-cell spatial transcriptomics of the tissue and

registration of the two image sets to each other to identify the cells across the two experiments.

2-photon calcium imaging recordings were obtained with a temporal sampling frequency of

4.3Hz. And the spatial coordinates of recorded neurons are also provided. We first evaluate

our approach on one animal (SB025) across 6 sessions. The recordings from this animal

include 2481 neurons in total. We then extend our analysis on functional recordings from 4
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Figure 4.2: Left: Relative abundances of subclass and class labels. Right: Confusion

matrices of our self-supervised representation learning framework NeuPRINT and supervised

learning method LOLCAT based on predicting the cell class and subclass labels. While both of

the self-supervised and supervised steps are learned with all available subclasses, we excluded

the Sncg population from the confusion matrices because it represents a negligible fraction of

the test set with the 80% : 10% : 10% split, so that quantification for this population would

not be reliable.

mice (SB025, SB026, SB028, SB030) across 17 sessions. They contain 9728 neurons in total.

Each session lasts about 20 minutes and records about 500 neurons. A small subset of neurons

overlap across sessions. The subsequent transcriptomic experiment profiles mRNA expression

for 72 selected genes in ex vivo tissue. These genes were used to identify the excitatory vs

inhibitory class labels of neurons. In addition, 51% of the neurons in the inhibitory class

of SB025 also have identified subclass labels (Lamp5, Pvalb, Vip, Sncg, Sst). Finally, the

dataset includes behavioral information for the mice (running speed and pupil size) during

the in-vivo recording as well as an assignment for each image frame (i.e., time point) that we

call frame state from the set {running, stationary desynchronized, stationary synchronized}.

4.4.2 Benchmark Evaluation for Transcriptomic Identity Prediction

We use the aforementioned public dataset to introduce a new two-step benchmark: (i) self-

supervised learning of time- and permutation-invariant representations for individual neurons
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Figure 4.3: Accuracy of transcriptomic subclass and class prediction of NeuPRINT and

baselines on single-mouse spontaneous activity recordings, with and without inputs from

population statistics.

from population activity, (ii) prediction of labels for each individual neuron based on those

representations.

We introduce a downstream classification task to predict the subclass label with supervised

learning, where the neurons with subclass labels from all sessions are randomly split into

train, validation and test neurons with a proportion of 80% : 10% : 10%. We further

introduce another supervised downstream classification task to predict the class identity only

(i.e., excitatory vs inhibitory). In this task, the validation and test neurons in the subclass

prediction task are used as validation and test neurons for inhibitory neurons, and the same

fraction of excitatory neurons are randomly selected as validation and test neurons. The rest

of the recorded population from all sessions is used for training.

We first optimize the dynamical model (f in Eq. 4.2) and the time-invariant representation

on the training set. We use past activities of the training neurons and permutation-invariant

summary of population dynamics including pupil size, running speed, frame state, the mean

and standard deviation of population activity, and the mean and standard deviation of center-

surround activity to predict the individual neurons’ activity in the next time step. After

training, we fix the dynamical model f and only optimize the time-invariant representations Φ

for training, validation, and test neurons under the same self-supervised learning framework.
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Figure 4.4: Left: Top-1 accuracy (or loss) of learned representations with different dynamical

models (linear, nonlinear, recurrent, transformer) in the subclass prediction task. Right:

Ablation studies to dissect the impact of the different components of the permutation-invariant

summary of population dynamics including running speed, pupil size, frame state, population

activity, center-surround activity in improving the accuracy, as in Table 4.5. One component

is added at a time from left to right.

Following self-supervised optimization, in the second step, we evaluate the learned repre-

sentation with two supervised downstream tasks (class and subclass prediction) and three

simple classifiers including k-nearest neighbor (KNN), linear model, multi-layer perceptron

(MLP) with one hidden layer. The training neurons’ representations Φ are used to train the

classifier, and validation neurons are used to tune the hyperparameters (learning rate, hidden

dimensionality, number of epochs, etc.), and the top-1 accuracies of all models are reported

on the test neurons (Table 4.1). See Appendix for an analysis of sensitivity.

Implementation of a spectrum of implicit dynamical models and downstream classifiers

We explore four different implicit (not mechanistic) dynamical models: linear, nonlinear,

gated-recurrent network (GRU), and transformer with self-attention. We optimize the

parameters of the dynamics f and the neuronal representation Φ using gradient descent for

all models.

Linear model: We use a linear dynamical system where the activity at the last step is
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predicted from a linear combination of the activities and statistics of the population activities,

behavioral information from previous steps inside a temporal window and the time-invariant

representation (which is repeated at each step). This corresponds to an autoregressive model

with exogenous inputs, where statistics of the activities of other neurons and behavioral

information constitute the exogenous input to the dynamics of the neuron of interest.

Nonlinear model: In addition to the linear model, a nonlinear activation was applied to

the weighted activity, behavioral information, repeated neuronal representation at each step

before the linear combination (i.e., nonlinear autoregressive model with exogenous inputs).

Recurrent network with gated units: The activity at the next step is predicted from

the hidden state in addition to the activity at the current step and the repeated neuronal

representation as the inputs.

Transformer: We implement a W -step causal attention mask such that the transformer

predicts the activity of the neuron at the current time step based on the hidden states in the W

previous time steps. The hidden state tasks the neuron activities, statistics of the population

activities, behavioral information at that time step, and time-invariant representation repeated

at each time step as inputs. We use the transformer encoder-only implementation from

PyTorch [Ref124] with 2 attention heads.

Training details: For the objective function to predict the activity, we explore both

mean squared error (MSE) and negative log likelihood (NLL) with a Gaussian distribution. To

train the dynamical model and representation of neurons, we use a 64-dimensional embedding

for the time-invariant representation. The temporal trial window size is 200 steps for the

linear, nonlinear models, recurrent network and transformer. The batch size is 1024. We use

the Adam optimizer [Ref125] with a learning rate of 10−3.

Downstream supervised classification: For the linear and MLP classifiers, we use

the cross-entropy loss to train the model. For KNN, we use the scikit-learn implementa-

tion [Ref126] with the number of nearest neighbors k = 5.
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Figure 4.5: Accuracy of transcriptomic subclass and class prediction of NeuPRINT and

baselines on single-mouse recordings during spontaneous activity and visual stimuli-driven

(drifting gratings, natural scenes) activity.

4.4.3 Baselines

LOLCAT and its variants: LOLCAT [Ref127] is a supervised framework for predicting

cell types from individual neuronal activities using a multi-head attention network. Since

the attention in LOLCAT is a simple weighted sum operation, we implement two additional

supervised variants Transformer+ISI and Transformer+Raw using the self-attention mecha-

nism employed in NeuPRINT for a fair comparison. These two variants follow the attention

design of [Ref19] and use a special classification token to represent the classification of the

entire neuronal activity [Ref27]. Transformer+ISI operates on the inter-spike interval (ISI)

distributions input summarized from non-overlapping sub-windows of continuous 2-photon

calcium recordings. We use suite2p package [Ref128] to infer spikes from raw calcium traces

and compute the ISI distributions. On the other hand, Transformer+Raw operates directly

on the raw calcium traces. Unlike NeuPRINT, LOLCAT and the two supervised variants
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train both the attention network and classifier (linear or MLP) in an end-to-end fashion,

using neuronal class and subclass labels during learning (See Appendix for details). As a

consequence of the supervised training scheme, LOLCAT does not extract time-invariant

representations of neuronal identity and its performance is constrained by the number of

labels available in the dataset.

Principal component analysis: We project the raw calcium activities to a low-

dimensional representation using Principal Component Analysis (PCA) and evaluate the

effectiveness of this representation for downstream tasks. The projection is performed on a

randomly selected sub-window in the raw recordings of each neuron, therefore its projected

representation is also not time-invariant.

Uniform manifold approximation and projection: Similar to PCA, we project

the raw calcium activities to a low-dimensional representation using Uniform Manifold

Approximation and Projection (UMAP) [Ref129], and evaluate the resulted time-variant

representation by downstream classifiers.

Random: We further generate random representations for individual neurons, and train a

supervised classifier on the random representations to measure the chance level of prediction.

4.4.4 Self-supervised Learning Demonstrates Superior Generalization Capabilities in Data-

Limited Scenarios

We evaluate our proposed method NeuPRINT and other baselines under three categories as

shown in Table 4.1: (i) time-invariant vs. time-variant; (ii) self-supervised representation

learning vs. end-to-end supervised learning vs. unsupervised learning; (iii) activity of the

neuron of interest (“Individual”) as the only input to the dynamics model f vs. permutation-

invariant representation of population dynamics provided as exogenous input to f . Under

the data-limited scenario (i.e., a small amount of labeled samples), which describes a vast

majority of neuroscience datasets, we find that our self-supervised representation learning

model NeuPRINT with a supervised downstream MLP classifier outperforms the current

state-of-the-art approach LOLCAT by > 35% and its variants by > 19% in the subclass
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prediction task and outperforms LOLCAT by > 20% and its variants by > 13% in the class

prediction task. Since LOLCAT is optimized using features extracted from non-overlapping

sub-windows in an end-to-end supervised learning approach, it does not generate time-

invariant representations that are critical to generalize across trials. Moreover, as shown

in the confusion matrices in Figure 4.2, when the data in the subclass and class prediction

tasks has an imbalanced distribution under the data-limited regime, our method can generate

more balanced predictions across labels than LOLCAT. Both of these methods outperform

two other standard unsupervised representation learning baselines, PCA and UMAP, which

also extract time-varying representations across non-overlapping sub-windows. All of the

evaluated models perform above the chance level, and we find that one-hidden layer MLP

classifier improves classification accuracy over the linear classifier or KNN.

Ablation studies (Table 4.1) show that using a permutation-invariant summary of popula-

tion dynamics is critical to improving the accuracy of the downstream subclass prediction

task of our model. On the other hand, this effect is not significant in the class prediction task,

suggesting that the intrinsic electrophysiology of neurons is significantly different between

the excitatory vs inhibitory classes.

4.4.5 Learning Representations Across a Spectrum of Implicit Dynamical Models

We next investigate learning representations using our NeuPRINT framework over a spectrum

of implicit dynamical models ranging from simple linear and nonlinear dynamical models to

more advanced deep learning architectures such as gated recurrent networks and transformers.

We also evaluate the performance of the models under two different objective functions (mean

squared error vs Gaussian negative log likelihood). The results are shown in Figure 4.4.

We find that the transformer, which leverages the powerful attention mechanism [Ref19]

to preserve the information over a large temporal context, achieves the best performance

in predicting the masked (future) neural activities, as quantified by NLL and MSE loss.

This ability to capture the dynamics more faithfully explains the transformer’s superior

performance in inferring neuron identity since neuronal physiology correlates with molecular
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expression [Ref115, Ref130]. We note that, for this relatively small dataset, the MSE loss

performs better than the NLL loss based on the downstream classification accuracy.

4.4.6 Permutation-Invariant Summary of Population Dynamics Enhances the Time-invariant

Representation of Individual Neurons

To further investigate the role of each component in the permutation-invariant summary of

population dynamics, we perform a series of ablation studies as shown in Figure 4.4. We add

each input (running speed, pupil size, frame state, population activity, and center-surround

activity) to NeuPRINT one at a time. We find that all of the proposed components contribute

to the success of the time-invariant representations as evaluated by the downstream tran-

scriptomic classification task. These results support the perspective put forth in Section 4.3:

how the neuron reacts to external inputs (hence the summary variables proposed here) forms

a part of the neuron identity. Overall, we find using all of the available permutation-invariant

components of the summary of the population recording improves the accuracy by 22% in

subclass prediction.

4.4.7 Cell Type Identifiability Tends to Increase with Stimulus Relevance and Complexity

We further test our model NeuPRINT and other baselines on recordings with 3 sets of visual

stimuli (drifting gratings and two different natural scene image sets [Ref7]). The results

summarized in Fig. 4.5 suggest an increase in cell type identification accuracy of NeuPRINT

from in-vivo activity as stimulus relevance and complexity increases, e.g., higher accuracy

(∼ 5%) in subclass prediction based on Natural Scenes 1 compared to spontaneous activity

recording.

4.4.8 Extensions to Multiple Animals

We further extend our evaluations from one animal to multiple animals. We report the

evaluations for all animals on the extended dataset in Table 4.2. While the performance
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of LOLCAT increases on the class prediction task with this larger dataset, it still remains

less accurate than our model across all tasks and classifiers. For subclass prediction, where

the distribution of cells across subclasses is highly imbalanced, our method NeuPRINT

outperforms LOLCAT by ∼ 23%, and also by ∼ 10% in class prediction.

4.5 Appendix

4.5.1 Sensitivity Analysis

To quantify the sensitivity of our methods and baselines on the transcriptomic identity

(neuron class and subclass) prediction benchmark, we run each model with 5 different random

seeds (train/val/test random split, random initializations, etc.). We report their averaged

Top-1 accuracies and the corresponding standard deviations across 5 runs for all models in

Table 4.3.

Consistent with the main text, we find NeuPRINT still significantly outperforms other

methods including supervised baselines LOLCAT [Ref127] and its variants Transformer+ISI

and Transformer+Raw (Note the limited availability of labeled data). The standard deviations

for all methods are relatively small, indicating the robustness of our evaluation framework

and the significance of the performance gaps.

4.5.2 A Spectrum of Implicit Dynamical Models

We explore a spectrum of implicit dynamical models – Linear, Nonlinear, Recurrent neural

network, Transformer, and two objective functions – mean squared error (MSE) when the

model only predicts the mean of the output distribution; negative log likelihood (NLL) when

the model predicts both mean and standard deviation of output distribution to train the

models. The results are summarized in Table 4.4.
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4.5.3 Roles of Permutation-Invariant Summary of Population Dynamics

To investigate the role of each component in the permutation-invariant summary of population

dynamics, we perform a series of ablation studies as shown in Table 4.5. We add each input

(running speed, pupil size, frame state, population activity, and center-surround activity) to

NeuPRINT one at a time. We find that all of the proposed components contribute to the

success of the time-invariant representations as evaluated by the downstream transcriptomic

classification task.

4.5.4 Extensions to Other Visual Stimulus Conditions

We further test our model NeuPRINT and other baselines on recordings with 3 sets of visual

stimuli (drifting gratings and two different natural scenes). The results in Table 4.6 suggest

an increase in cell type identification accuracy from in-vivo activity as stimulus relevance and

complexity increases.

4.5.5 Implementation Details

4.5.5.1 NeuPRINT

Permutation-invariant summary of population dynamics: We use C, S to represent

D, D dimensional permutation- and size-invariant (i.e., N) surrogates for brain activity at

each time point. C and S compute identical statistics (mean and standard deviation) of

population activity except that the statistics in C are calculated over the center partition

(neurons whose distance to neuron i is at most ∆) and the statistics in S are calculated over

the surround partition (neurons whose distance to neuron i is larger than ∆). Here, ∆ is a

hyperparameter:

µ
C

(−i)
t

= mean(Xj(t) | j : 0 < dji < ∆) (4.4)

σ
C

(−i)
t

= std(Xj(t) | j : 0 < dji < ∆) (4.5)
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µ
S
(−i)
t

= mean(Xj(t) | j : 0 < ∆ ≤ dji) (4.6)

σ
S
(−i)
t

= std(Xj(t) | j : 0 < ∆ ≤ dji) (4.7)

Batch sampling: For each batch of data we randomly sample 512 labeled and unlabeled

neurons to be included in the batch. For each neuron we further randomly sample 2 sub-

windows of 512 timesteps from its continuous calcium flourescene traces. Each resulting

sample for the ith neuron is denoted X(i).

Multihead attention: We use the transformer encoder architecture [Ref19] and the

masking strategy as originally proposed in [Ref27]. Random timesteps in X(i) are masked

(zero-out) with probability 0.25 and concatenated with the permutation-invariant population

summary P̄ and time-invariant representation ϕ(i) along the feature dimension to form input

X̄(i). Note that the same learnable ϕ(i) is repeated at every timestep, enforcing time-invariance.

Similar to [Ref27], we embed input X̄(i) and employ sinusoidal positional embedding to encode

the temporal order in the input sequence, resulting in X̃(i) = Emb(X̄(i) + E.

For each input X̃(i), a set of weights WQ ∈ RT×dq , WK ∈ RT×dk , W V ∈ RT×dv are learned

to transform input X̃(i) to a set of query, key, and value (Q,K, V ), where Q = X̃(i)WQ,

K = X̃(i)WK , V = X̃(i)W V . Attention between temporal tokens for one attention head is

computed as:

Attention(Q,K, V ) = softmax

(
QK⊤
√
dk

)
V (4.8)

Each head will find a different pattern in the data and produce an output of size dv. The

final attention output will be a concatenation of these single-head outputs. We use 2 heads

in our model.

Feedforward layers and residual connections are subsequently applied to attention output:

Z(i) = X̃(i) + MSA(X̃(i)) + FF(X̃(i) + MSA(X̃(i))) (4.9)

where MSA represents the multihead attention operation, FF represents the feedforward

layer with ReLU activation, and Z(i) represents the reconstructed calcium trace with masked
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timesteps recovered.

Computational cost: NeuPRINT has 833K parameters and takes 2 hours in total

for training and inference on a single NVIDIA Tesla V100 GPU. Details on the size of the

datasets are mentioned in Section 4.4.1 of the main paper.

4.5.5.2 LOLCAT and Its Variants

We use the publicly available implementation of LOLCAT from [Ref127]. We implement

two additional variants of LOLCAT (Transformer+ISI and Transformer+Raw), following

the philosophy in [Ref127] but with the self-attention mechanism as used by NeuPRINT

[Ref19]. For LOLCAT and Transformer+ISI, continuous time series of calcium traces are

divided into non-overlapping sub-windows of size 64, within which the Inter-Spike Interval

(ISI) distribution is computed. We use suite2p Python package [Ref128] to infer spikes

and compute the ISI distribution with 16 bins, using a spike threshold of 0.2. To perform

classification using the self-attention mechanism, we use a learnable special classification

token [CLS] appended to the beginning of the input sequence to represent the classification

output [Ref27]. No positional embedding is added to the input sequence. Therefore the

transformer output at the CLS token position will represent the pooling operation as in

[Ref127], and all sub-windows are treated as if they are independent trials, which enables

Transformer+ISI to apply to any number of observed trials - an important design choice for

LOLCAT.

We further implement Transformer+Raw, a variant of LOLCAT where the transformer

operates directly on the raw calcium traces rather than the ISI distribution of calcium traces.

Transformer+Raw follows the same architecture as Transformer+ISI, except that now the

positional embedding is added to the input sequence to denote the temporal relationship

between timesteps in the trial window.



57

4.5.5.3 Random / PCA / UMAP

To probe the chance-level classification performance, we train and evaluate downstream

classifiers using random vectors of size 64 as representations for individual neurons, equivalent

to the 64-dim ϕ(i). To compare NeuPRINT with unsupervised methods PCA and UMAP,

we first project the data to a lower dimensional space using 64 components, then train and

evaluate downstream classifiers on the low-dimensional representation.

4.5.5.4 Downstream Classifiers

We use 5 nearest neighbors for KNN downstream classifier. For the downstream MLP classifier,

we use a multi-layer perceptron network with a single hidden layer of size 2048 and ReLU

activation.

4.5.5.5 Hyperparameters

We include all of the important hyperparameters (representation dim, window size, number

of epochs, learning rate, batch size, etc.) for our NeuPRINT and other models (supervised-

learning baselines LOLCAT, Transformer+ISI and Transformer+Raw, unsupervised represen-

tation learning baselines UMAP and PCA, chance-level prediction based on random features)

in Table 4.7.

4.5.6 Pseudo Code

Our NeuPRINT framework includes three main components: an implicit dynamical system

that uses the state-of-the-art transformer architecture to model neural dynamics; an opti-

mization framework that fits the dynamical model and learns time-invariant representations

for neurons; a supervised learning framework to train the downstream classifiers for subclass

and class prediction, taking the learned time-invariant representations as inputs. The pseudo

code for these three components is listed as follows:
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Transformer ( c a l c i um f l u o r o s c en c e t r a c e ,

permutat ion invar iant populat ion summary ,

t ime i n v a r i a n t r e p r e s e n t a t i o n ) :

input embedder = l i n e a r ( input dim , hidden dim )

t rans fo rmer encoder = mul t ihead at t en t i on (

window size ,

layer dim ,

num heads )

output decoder = l i n e a r ( hidden dim , output dim

masked ca l c i um f luo ro s c enc e t r a c e =

mask inputs ( c a l c i um f l u o r o s c e n c e t r a c e )

input = concatenate (

masked ca l c ium f luo ro s c ence t rac e ,

permutat ion invar iant populat ion summary ,

t ime i n v a r i a n t r e p r e s e n t a t i o n )

input = po s i t i o n a l e n c od i n g ( input )

input = input embedder ( input )

context mask = generate context mask (

window size ,

context window s i ze )

output = trans fo rmer encoder ( input , context mask )

output = output decoder ( output )

re turn output

T ime Inva r i an t Se l f Supe rv i s ed Repr e s en ta t i on Lea rn ing (

c a l c i um f l u o r o s c en c e t r a c e ,

permutat ion invar iant populat ion summary ) :

t ime i n v a r i a n t r e p r e s e n t a t i o n = ze ro s ( neuron dim , embedding dim )
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recon model = Transformer (

input dim ,

hidden dim ,

window size ,

context window s ize ,

layer dim ,

num heads )

opt imize r = Adam(

t ime i nva r i an t r ep r e s en t a t i on ,

recon model ,

l e a r n i n g r a t e )

p r e d i c t e d c a l c i um f l u o r o s c e n c e t r a c e = recon model (

c a l c i um f l u o r o s c en c e t r a c e ,

permutat ion invar iant populat ion summary ,

t ime i n v a r i a n t r e p r e s e n t a t i o n )

r e c o n l o s s = mse (

p r e d i c t e d c a l c i um f l u o r o s c e n c e t r a c e [ masked steps ] ,

c a l c i um f l u o r o s c e n c e t r a c e [ masked steps ] )

r e c o n l o s s . backward ( )

opt imize r . s t ep ( )

re turn t ime i n v a r i a n t r e p r e s e n t a t i o n

Downst r eam Clas s i f i e r Superv i s ed Learn ing (

t ime i nva r i an t r ep r e s en t a t i on ,

g r o und t r u t h c l a s s l a b e l ) :

c l a s s i f i e r = mlp ( embedding dim , hidden dim , output dim )

opt imize r = Adam( c l a s s i f i e r , l e a r n i n g r a t e )
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p r e d i c t e d c l a s s l a b e l = c l a s s i f i e r ( t ime i n v a r i a n t r e p r e s e n t a t i o n )

c l a s s i f i c a t i o n l o s s = c ro s s en t r opy (

p r e d i c t e d c l a s s l a b e l ,

g r o und t r u t h c l a s s l a b e l )

c l a s s i f i c a t i o n l o s s . backward ( )

opt imize r . s t ep ( )

re turn p r e d i c t e d c l a s s l a b e l
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Learned

Representation

Time-Variant Time-Invariant

Lower

Bound

Data-Limited

Supervised
Unsupervised Self-supervised

Inputs — Individual
Individual

+ Population

Task Classifier Random LOLCAT
Trans

+ISI

Trans

+Raw
PCA UMAP

NeuPRINT

w/o pop.

NeuPRINT

(ours)

Subclass

KNN 0.174 — — — 0.333 0.348 0.419 0.552

Linear 0.340 0.457 0.449 0.493 0.304 0.384 0.552 0.590

MLP 0.362 — 0.442 0.423 0.384 0.406 0.552 0.685

Class

KNN 0.581 — — — 0.670 0.613 0.659 0.700

Linear 0.667 0.700 0.710 0.675 0.645 0.660 0.746 0.746

MLP 0.660 — 0.702 0.707 0.682 0.667 0.770 0.800

Table 4.2: Extensions to multiple animals: Top-1 accuracy of transcriptomic label

prediction based on (i) the representations learned by our proposed self-supervised represen-

tation learning from neural dynamics framework NeuPRINT, (ii) the supervised learning

method LOLCAT and its variants Transformer+ISI and Transformer+Raw, (iii) unsupervised

baselines PCA and UMAP, (iv) random representations (to determine the chance-level). Note

that this experiment corresponds to a data-limited regime due to limited labeled data. We

performed classification using three classifiers (KNN, Linear, MLP) and two tasks: predicting

the cell class from the set {excitatory, inhibitory} and predicting the subclass from the set

{Lamp5,Pvalb,Vip, Sncg, Sst}.
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Learned

Representation

Time-Variant Time-Invariant

Lower

Bound

Data-Limited

Supervised
Unsupervised Self-supervised

Inputs — Individual
Individual

+ Population

Task Classifier Random LOLCAT
Trans

+ISI

Trans

+Raw
PCA UMAP

NeuPRINT

w/o pop.

NeuPRINT

(ours)

Subclass

KNN
0.196

±0.041
— — —

0.345

±0.047

0.371

±0.070

0.424

±0.051

0.546

±0.056

Linear
0.326

±0.055

0.449

±0.027

0.414

±0.036

0.436

±0.021

0.316

±0.046

0.386

±0.046

0.595

±0.041

0.683

±0.042

MLP
0.382

±0.062
—

0.456

±0.068

0.422

±0.017

0.392

±0.044

0.496

±0.054

0.606

±0.054

0.722

±0.022

Class

KNN
0.509

±0.061
— — —

0.569

±0.015

0.547

±0.046

0.568

±0.057

0.705

±0.017

Linear
0.536

±0.035

0.616

±0.017

0.632

±0.026

0.652

±0.009

0.584

±0.053

0.583

±0.019

0.741

±0.035

0.766

±0.031

MLP
0.565

±0.030
—

0.624

±0.010

0.651

±0.007

0.596

±0.015

0.584

±0.013

0.782

±0.018

0.803

±0.037

Table 4.3: Sensitivity analysis across 5 runs with different random seeds: Top-1 accu-

racy (mean±standard deviation) of transcriptomic label prediction based on (i) the repre-

sentations learned by our proposed self-supervised representation learning from neural dynam-

ics framework NeuPRINT, (ii) the supervised learning method LOLCAT and its variants Trans-

former+ISI and Transformer+Raw (abbreviated Trans+ISI and Trans+Raw, respectively)

(Note that this experiment corresponds to a data-limited regime due to the size of the dataset),

(iii) unsupervised baselines PCA and UMAP, (iv) random representations (to determine

the chance-level). We performed classification using three different simple classifiers (KNN,

Linear, MLP) and two tasks: predicting the cell class from the set {excitatory, inhibitory}

and predicting the subclass from the set {Lamp5,Pvalb,Vip, Sncg, Sst}.
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Task Linear Nonlinear Recurrent Transformer

Objective NLL MSE NLL MSE NLL MSE NLL MSE

Loss 1.422 0.984 1.412 1.022 1.231 0.887 0.308 0.221

Subclass 0.488 0.512 0.537 0.512 0.610 0.610 0.707 0.756

Class 0.706 0.716 0.724 0.679 0.743 0.743 0.752 0.807

Table 4.4: Comparison of reconstruction loss (first row, the smaller the better) and top-1

accuracy of class and subclass prediction using MLP downstream classifier (second and third

rows, the larger the better) achieved by different dynamics models f (linear, nonlinear, RNN,

and transformer) in NeuPRINT. Two objectives are used to train each model (mean squared

error (MSE) or negative log likelihood (NLL)).

Subclass

w/o

population

inputs

+

running

speed

+

pupil

size

+

frame

state

+

population

activity

+

center-surround

activity

MLP 0.512 0.609 0.658 0.683 0.732 0.756

Table 4.5: Ablation studies of permutation-invariant inputs representing population activity,

including running speed, pupil size, frame state, permutation-invariant population represen-

tation, permutation-invariant center-surround representation. Results are reported on the

subclass prediction task with an MLP downstream classifier.
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Task Classifier LOLCAT Transformer+ISI Transformer+Raw NeuPRINT

Spontaneous

Activity

Subclass
linear 0.474 0.491 0.474 0.683

mlp —- 0.561 0.439 0.756

Class
linear 0.608 0.680 0.669 0.793

mlp —- 0.640 0.664 0.807

Drifting

Gratings

Subclass
linear 0.421 0.509 0.404 0.756

mlp —- 0.474 0.509 0.780

Class
linear 0.600 0.640 0.648 0.809

mlp —- 0.632 0.640 0.809

Natural

Scenes

1

Subclass
linear 0.491 0.579 0.421 0.780

mlp —- 0.544 0.439 0.805

Class
linear 0.648 0.672 0.696 0.809

mlp —- 0.664 0.640 0.836

Natural

Scenes

2

Subclass
linear 0.491 0.509 0.544 0.732

mlp —- 0.561 0.526 0.782

Class
linear 0.648 0.664 0.656 0.809

mlp —- 0.664 0.648 0.836

Table 4.6: Accuracy of transcriptomic subclass and class prediction of NeuPRINT and

baselines on single-mouse recordings during spontaneous activity and visual stimuli-driven

(drifting gratings, natural scenes) activity.
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NeuPRINT LOLCAT
Transformer

+ISI

Transformer

+Raw

random/

PCA/UMAP

Representation dim 64 — — — 64

Encoder hidden dim 70 [32, 16, 16] [128] × 4 [128] × 4 —

MLP classifier hidden dim 2048 — 2048 2048 2048

Number of attention heads 2 4 4 4 —

Number of attention layers 1 1 1 1 —

Window size 200 2048 512 512 2048

Context window size 2 — 8 1 —

Batch size 1024 varies varies varies —

Number of epochs 400 500 500 500 —

Number of downstream epochs 5000 — — — 1000

Learning rate 10−3 — — — —

Downstream learning rate 10−4 10−4 10−4 10−4 10−3

Dropout 0.1 — 0.1 0.1 —

KNN neighbors 5 — 5 5 5

ISI sub-window size — 64 64 — —

Number of ISI bins — 16 16 — —

Table 4.7: Hyperparameters of our self-supervised representation framework NeuPRINT

and other baselines including end-to-end supervised learning model LOLCAT, its variants

Transformer+ISI and Transformer+Raw, unsupervised representation learning models PCA

and UMAP, and chance-level prediction based on random features.
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Chapter 5

LEARNING SPATIAL PERMUTATION-INVARIANT
REPRESENTATIONS FOR CROSS-SESSION DECODING

GENERALIZATION

This chapter contains material that was previously published in [TL3].

5.1 Background

Motor behavior arises from the complex interplay between interconnected neurons, each

possessing distinct functional properties [Ref3]. Deciphering the highly nonlinear mapping

from the activity of these neural populations to behavior has been a major focus of intracortical

Brain-Computer Interfaces (iBCI), whose applications have enabled individuals with motor

impairments to control external devices [Ref30], restore communication abilities through

typing [Ref31], handwriting [Ref23], and speech [Ref24].

Despite the remarkable capabilities, iBCI systems suffer from performance degradation

over extended periods of time, largely attributed to the nonstationarities of the recorded

populations [Ref131]. Sources of nonstationarities include shifts in electrode position, tissue

impedance changes, and neural plasticity [Ref60, Ref132, Ref133]. These nonstationarities

lead to changes in the number and identity of neural units picked up by recording electrodes

over time. Such changes in population composition alter the learned neural activity to

behavior mapping, preventing decoders trained on previous sessions to maintain robust

performance on new sessions. To ensure robustness of behavior decoding over future recording

sessions, one approach has focused on training deep networks using many sessions, attempting

to achieve decoders that are robust to the cross-session variability [Ref134, Ref135]. This

zero-shot approach requires months of labeled training data, necessitating extensive data
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collection from the user. While recent methods targeting cross-subject generalization may

alleviate some of this burden [Ref136, Ref66, Ref137, Ref26], degradation over long-term use

still remains, advocating for the adoption of adaptive methods [Ref138, Ref68, Ref67, Ref60,

Ref71]. These adaptive methods leverage the low-dimensional manifold underlying population

activity that has been shown to preserve a consistent relationship with behavior over long

periods of time [Ref20, Ref60]. Depending on the use of labels at test time, they can be

categorized into supervised [Ref137, Ref139, Ref26], semi-supervised [Ref72], or unsupervised

[Ref71, Ref68, Ref70], with varying level of success and practical utility in real-world iBCI

[Ref138].

Despite the variety of technical approaches, these works share a common design philosophy:

they adopt a fixed view of the neural population, assigning fixed identities and order for

neural units during training. While this treatment achieves high decoding performance on

held-in sessions (within-session generalization), the decoders suffer from out-of-distribution

performance degradation when evaluated on held-out sessions with different sizes and unit

membership (cross-session generalization). To enable transfer of the pretrained model to novel

sessions, explicit alignment procedures with gradient updates to adapt model parameters

are necessary, imposing disruptive and costly computation overhead for iBCI users. With

these limitations of the existing approaches, we advocate for the view that an ideal, universal

iBCI decoder should be invariant to the permutation of the neural population by design, and

should be able to seamlessly handle inference of a variable-sized, unordered set of neural

units with minimal data collected from the new setting.

In this work, we introduce SPINT - a permutation-invariant framework that can decode

motor behavior from the activity of unordered sets of neural units. We contribute toward

an iBCI design that can predict behavior covariates from continuous streams of neural

observations and adapt gradient-free to novel sessions with few-shot unlabeled calibration

data. At the core of our methods is a permutation-invariant transformer with a novel context-

dependent positional embedding that allows flexible identification of neural unit identities

on-the-fly. We further introduce dynamic channel dropout, a novel regularization method to
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encourage model robustness to neural population composition. We evaluate our approach on

three movement decoding datasets from the FALCON Benchmark [Ref138], demonstrating

robust cross-session generalization on motor tasks in human and non-human primates. Our

model outperforms zero-shot and few-shot unsupervised baselines, while not requiring any

retraining or fine-tuning overhead.

5.2 Contributions

In summary, the contributions of this work include:

• We present a transformer-based permutation-invariant framework with a novel context-

dependent positional embedding for few-shot unsupervised behavioral decoding. Our

flexible, lightweight model enables ingestion of unordered sets of neural units during

training and facilitates out-of-the-box inference on unseen neural populations.

• We introduce dynamic channel dropout, a novel regularization technique for iBCI appli-

cations to promote decoder robustness to the composition of input neural population.

• We evaluate our model on three motor behavioral decoding datasets in the FALCON

Benchmark, showing robust gradient-free generalization to unseen sessions in the

presence of cross-session nonstationarities.

5.3 Methods

5.3.1 A permutation-invariant framework for few-shot continuous behavioral decoding

We study the problem of real-time, cross-session iBCI decoding, where behavior needs to be

decoded in a causal manner from a continuous stream of neural observations. Concretely,

within a single session s, let Xi,t denote the binned spiking activity of neural unit i at time

t, Xi,: denote all the activity of unit i, and X:,t denote the activities of all units at time t.

Given a past observation window of population activity X:,t−W+1:t ∈ RNs×W , where Ns is the
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Figure 5.1: Nonstationarities in long-term iBCI. (A) Examples of iBCI systems in

human and non-human primates. Spiking activity is recorded from multichannel electrode

arrays together with behavior covariates, e.g., 7 degree-of-freedom robotic arm control or

electromyography from the upper limb. Neural activity exhibits nonstationarities over

recording sessions. (B) Systematic changes in neuron positions, including the introduction or

loss of neurons in the vicinity of electrodes and the shifts of the entire electrode array can

contribute to instability of neural recordings over time. This figure uses templates created

with BioRender.com.

number of recorded neural units in session s and W is the length of the observation window,

we aim to estimate the corresponding last time step of behavior output Yt ∈ RB, where B is

the dimensionality of behavior covariates. Model parameters are fitted with gradient descent

using labeled data from k training (held-in) sessions and evaluated on k′ testing (held-out)

sessions without gradient updates or labels. At our disposal on each held-out session is a

short calibration period Xi,[C] ∈ RT ′
consisting of M -shot variable-length trials lasting for T ′

timesteps, to be used for cross-session adaptation.

Traditional approaches consider the population activity at each timestep as a ”token” and
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Figure 5.2: SPINT architecture. The model performs continuous behavioral decoding by

predicting behavior covariates at the last timestep given a past window of activity from an

unordered set of neural units. The universal Neural ID Encoder infers identities of the units

using few-shot unlabeled calibration trials, while the cross-attention mechanism selectively

aggregates information from the units to decode behavior.

decode behavior by modeling temporal dynamics of population activity [Ref15, Ref20, Ref25].

By treating temporal snapshots of population activity X:,t ∈ RNs as input vectors, these

approaches assume a fixed number and order of neural units, requiring explicit spatial re-

alignment when applied to another session with a different size and order [Ref20, Ref71,

Ref70, Ref66, Ref68]. Recent methods incorporating factorized spatial-temporal modeling

[TL1, Ref140] face similar challenges, while approaches with explicit spatiotemporal tokens

[Ref137, Ref139, Ref26] still require fine-tuning unit identity in novel sessions. These design

choices hinder out-of-the-box generalizability of neural decoders across sessions, as a universal
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decoder should ideally be invariant to the permutation and size of the input population.

To realize this goal, we treat windows of individual neural units Xi,t−W+1:t ∈ RW as an

unordered set of tokens and aggregate information from these units to decode behavior using

the cross-attention mechanism [Ref19]. To compensate for the loss of consistent order that

the decoder can leverage for behavior decoding, we embed a notion of neural identity to each

unit based on its spiking signature during a few-shot, unlabeled calibration period X:,[C] in

the same session. X:,[C] is either provided in limited amount in held-out sessions at test time,

or is artificially sampled from held-in sessions during training. This context-dependent neural

identity is inferred by a universal neural identity encoder that is shared across units and

sessions, enabling gradient-free adaptation to novel population compositions at test time.

5.3.2 Encoding identity of neural units

Let XC
i ∈ RM×T be the trialized version of Xi,[C] ∈ RT ′

. XC
i is the collection of M calibration

trials of neural unit i interpolated to a fixed length T . We infer neural identity Ei ∈ RW of

unit i by a neural network IDEncoder:

Ei = IDEncoder(XC
i ) = ψ(pool(ϕ(XC

i ))) (5.1)

where ψ and ϕ are multi-layer fully connected networks and pool is the mean pooling

operation across M trials. Due to the permutation invariant nature of the mean operation

and the fact that ψ and ϕ are applied trial-wise, IDEncoder is invariant to the order of M

calibration trials by design [Ref85].

5.3.3 Decoding behavior via selective aggregation of information from neural population units

After inferring the identity for each unit from its calibration period, we add Ei to all Xi

windows to form identity-aware representations Zi. Zi contains the time-varying activity of

each unit while also being informed of the unit’s stable identity within one session. In matrix
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form:

Z = X + E (5.2)

where Zi’s, Xi’s, Ei’s constitute rows of the Z,X,E matrices.

We leverage the cross-attention mechanism to selectively aggregate information from

population units and decode behavior outputs:

Y = CrossAttn(Q,Z, Z) = softmax

(
QK⊤
√
dk

)
V (5.3)

where K = ZWK , V = ZWV ∈ RNs×W are projections of the identity-informed neural activity

Z, and Q ∈ RB×W is a learnable matrix to query the behavior from Z. We use the standard

cross-attention module with pre-normalization and feedforward layers. Cross-attention with

identity-informed neural activity (Equation 5.3) is invariant to the permutation of neural

units, i.e.,

CrossAttn(Q,Z, Z) = CrossAttn(Q,PRZ, PRZ), (5.4)

where PR is the row permutation matrix. (See proof in Appendix). E in Equations 5.2 and

5.3 can be understood as a special kind of positional embedding for attention mechanism,

where E is equivariant to the order of tokens (neural units), i.e., permuting the rows in X

also permutes the rows in E accordingly. Hence, unlike traditional positional embeddings

in the transformer literature where positional embeddings are fixed entities, our proposed

E is context dependent. This context-dependent positional embedding enables cross-session

generalization by design, as E is stable for all samples within the same context (session), and

can readily adapt in a gradient-free manner to new populations with arbitrary size and order.

After cross-attention, we project down Y by a fully connected layer to a one-dimensional

vector representing the predicted behavior covariates at the last timestep, based on which we

compute the mean squared error (MSE) between the predicted and the ground truth behavior

covariates. The IDEncoder and cross-attention module are trained in an end-to-end manner

using this MSE objective.
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5.3.4 Encouraging model robustness to inconsistent population composition

Neural population distributes its computation among many neural units, allowing us to

effectively decode behavior even though we can only record neural activity with a limited

number of electrodes. Leveraging this insight and in order to encourage model robustness to

different compositions of neural membership across recording sessions, we employ dynamic

channel dropout, a novel technique to avoid overfitting to the population composition seen

during training. Unlike classical population dropout methods [Ref141, Ref142, Ref25] where

only a fixed fraction of neurons/timesteps is zeroed-out during training, we randomly sample

a dropout rate between 0 and 1 each training iteration and remove population units with the

sampled dropout rate. With dynamic channel dropout, we not only encourage the model

to be robust to the unit membership but also encourage it to be robust to the size of the

population, leading to improved cross-session generalization (see Section 5.4.8 and Figure

5.4).

5.3.5 Gradient-free, few-shot cross-session adaptation in unseen neural populations with

variable size and order

The overall framework is depicted in Figure 5.2. We use labeled data from all training sessions

to train all model parameters following the above pipeline. The model naturally digests

populations of arbitrary size and order in all sessions without any need of session-specific

alignment layer or fixed positional embeddings for neural units, hence having the potential

to scale up to a large amount of data. When testing on a held-out session, we reuse the

trained IDEncoder and only need a few unlabeled calibration trials to infer identities of neural

units in the test session, without the need of gradient descent updates to fine-tune session-

specific alignment layers or unit/session embeddings. With these benefits, our proposed

model removes the time and computation overhead usually required for re-calibrating neural

decoders before each session, and facilitates its applicability in real-world iBCI settings where

test-time labels are inherently unavailable.
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5.4 Results

5.4.1 Datasets and evaluation metrics

We evaluate our approach on three continuous motor decoding tasks from the Few-shot

Algorithms for Consistent Neural Decoding (FALCON) Benchmark [Ref138]. Specifically, we

evaluate SPINT on the M1, M2, and H1 datasets. In M1, a monkey reached to, grasped, and

manipulated an object in a variety of locations (4 possible objects, 8 locations), while neural

activity was recorded from precentral gyrus and intramuscular electromyography (EMG) was

recorded from 16 muscles [Ref143, Ref144, Ref145, Ref146]. In M2, a monkey made finger

movements to control a virtual hand and acquired cued target positions while neural activity

from the precentral gyrus and 2-D actuator velocities were captured [Ref147]. In H1, a human

subject attempted to reach and grasp with their right hand according to a cued motion for

a 7-degree-of-freedom robotic arm control [Ref30, Ref148, Ref149]. Each dataset comprises

multiple labeled held-in sessions used to train the decoder (spanning 4, 4, and 6 days for M1,

M2, and H1, respectively), and multiple held-out sessions for model evaluation (spanning 3,

4, and 7 days for M1, M2, and H1, respectively). Each held-out session provides a few public

calibration trials (with optional labels) used for decoder calibration, after which the decoder

is evaluated on a private test split. Cross-session performance is quantified by the mean and

standard deviation of R2 between the predicted and ground truth behavior covariates across

all held-out sessions. All evaluation results were obtained on the held-out private split by

submitting models to the EvalAI platform [Ref150].

5.4.2 Baselines

We compare SPINT with zero-shot (ZS) and few-shot unsupervised (FSU) baselines, since

SPINT is the intersection of these two approaches. Similar to FSU approaches, SPINT

makes use of a few unlabeled calibration samples in the held-out sessions; however, unlike

conventional FSU approaches, SPINT does not require gradient updates for model parameters

at test time, therefore bearing resemblance to ZS methods in terms of practical utility. We
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call this new class of model gradient-free few-shot unsupervised (GF-FSU).

ZS Wiener Filter and ZS RNN: Wiener Filter is a linear model that predicts the

current behavior as a weighted sum of previous timesteps [Ref151]. In addition to the Wiener

Filter, we also compare with a simple RNN baseline (implemented as an LSTM [Ref17]). The

WF and RNN models were fitted using a single held-in session and evaluated zero-shot on

the held-out sessions.

CycleGAN [Ref70]: An FSU method where a Generative Adversarial Network (GAN)

is trained using calibration data from a held-out session (day K) to transform day K’s

population activity to a form resembling activity from a held-in session (day 0), allowing

decoders pretrained on day 0 to be reused on day K.

NoMAD [Ref71]: Another FSU method where a dynamical model and a decoder are

trained on day 0 to predict behavior from the inferred dynamics. Then on day K, an alignment

network is trained to match the distribution of neural latent states to that of day 0, allowing

the fixed model and decoder to transfer to day K.

Wiener Filter, RNN and Transformer Oracles (OR): We include the Wiener Filter,

RNN, and NDT2 - a transformer for neural data [Ref137], trained on private held-out labeled

data to serve as upper bounds for model performance.

NDT2 Multi (FSS) [Ref137]: Similar to NDT2 Multi OR, but only trained on held-in

and held-out few-shot calibration data with supervision.

5.4.3 SPINT outperforms zero-shot and few-shot unsupervised baselines on continuous motor

decoding tasks

We show in Table 5.1 the performance of SPINT in comparison with ZS and FSU approaches.

SPINT outperforms all ZS and FSU baselines across all three datasets, while requiring no

retraining or fine-tuning of model parameters. Improvement is most prominent in M1, where

the amount of training data is the largest (∼5× more data than H1 and ∼6× more data

than M2 in terms of recording time). Notably, SPINT surpasses Wiener Filter oracles in all

datasets, which were trained with access to the private labeled data. SPINT even outperforms
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Class M1 M2 H1

Wiener Filter (WF) OR 0.53 ± 0.04 0.26 ± 0.03 0.21 ± 0.04

RNN OR 0.75 ± 0.05 0.56 ± 0.04 0.44 ± 0.13

NDT2 Multi [Ref137] OR 0.78 ± 0.04 0.58 ± 0.04 0.63 ± 0.08

NDT2 Multi [Ref137] FSS 0.59 ± 0.07 0.43 ± 0.08 0.52 ± 0.04

WF ZS 0.34 ± 0.06 0.06 ± 0.04 0.16 ± 0.03

RNN ZS −0.60 ± 0.45 −0.07 ± 0.23 0.09 ± 0.18

CycleGAN + WF [Ref70] FSU 0.43 ± 0.04 0.22 ± 0.06 0.12 ± 0.06

NoMAD + WF [Ref71] FSU 0.49 ± 0.03 0.20 ± 0.10 0.13 ± 0.10

SPINT (Ours) GF-FSU 0.66± 0.07 0.26± 0.13 0.29± 0.15

Table 5.1: Performance comparison against oracles (OR), few-shot supervised (FSS), few-shot

unsupervised (FSU), and zero-shot (ZS) methods. Our SPINT approach belongs to a special

class which we termed gradient-free few-shot unsupervised (GF-FSU), where models perform

adaptation based on few-shot unlabeled data but without any parameter updates at test time.

Results are reported as mean ± standard deviation R2 across held-out sessions.

the FSS method NDT2 Multi on M1 dataset while unlike NDT2, it does not require access

to test-time labels or model parameter updates. As we focus on cross-session transferability,

all our experimental results show the cross-session performance. We include comparison on

within-session performance in the Appendix.

5.4.4 SPINT requires only a minimal amount of unlabeled data for adaptation

To gauge the data efficiency of our model at test time, we trained and tested the model with

varying number of calibration trials used to infer the neural unit IDs. We show in Figure

5.3(A) that SPINT could achieve reasonable cross-session generalization with a small number

of few-shot trials. In M1 dataset, the model could even achieve similar performance as the
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(B)
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Figure 5.3: Scaling analyses. Cross-session performance of SPINT against number of

calibration trials (A), training days (B), and population sizes (C) across M1, M2, and H1

datasets. Bars represent mean R2 across held-out sessions, whiskers represent standard error

of the mean of R2 across held-out sessions.

best model (which uses all available calibration trials) with only one single trial. This study

demonstrates the practical utility of SPINT in online iBCI, relieving the burden of data

collection and label collection on users at test time.

5.4.5 SPINT performance scales well with the amount of training data

Thanks to the flexible permutation-invariant transformer network and the context-dependent

positional embeddings, SPINT can ingest populations with arbitrary sizes and orders. These

design choices give SPINT the ability to scale naturally with large amounts of training data.

We demonstrate this scaling ability in Figure 5.3(B), where we observe a clear trend in

cross-session performance when we use data from more held-in days to train the model, with
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the best performance achieved when using all available training data on each dataset. This

ability suggests potentials of SPINT as a large-scale pretrained model for iBCI when trained

on larger datasets beyond the FALCON benchmark.

5.4.6 SPINT is robust to variable population composition

Our proposed dynamic channel dropout encourages robustness of SPINT to variable input

population size and membership. We test this robustness by training SPINT on the full

held-in populations with dynamic channel dropout and evaluating on variable-sized held-out

populations (Figure 5.3C). At each evaluation batch, we randomly sample a subset of the

original population and measure the R2 obtained when the model makes predictions based

on this limited subset. We observe robust performance in M1 with reasonable performance

drop when the population gets increasingly smaller, with the model still achieving a mean

held-out R2 of 0.52 when only 20% of the original population remains, outperforming other

ZS and FSU baselines with the full population.

5.4.7 SPINT maintains low-latency inference for iBCI systems

A critical consideration in iBCI system deployment is the ability of the system to perform

behavior decoding in real time. We designed SPINT with this consideration in mind, using

only one layer of cross-attention and two three-layer fully connected networks for IDEncoder.

In Table 5.2, we report the latency achieved by SPINT as compared to other methods.

Latency is defined as the amount of time a method requires to process the evaluation data

divided by the duration of the evaluation data [Ref150]. The ratio less than 1 signifies the

approximation to real-time iBCI inference. SPINT achieves 0.13 latency on M1 and M2, and

0.14 latency on H1, matching or outperforming transformer baselines, while being significantly

below 1. In practice, SPINT could be potentially faster in terms of deployment time, as it

eliminates the need for an explicit alignment step required by conventional iBCI systems.
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Class M1 M2 H1

Wiener Filter (WF) OR 0.06 0.08 0.14

RNN OR 0.04 0.04 0.08

NDT2 Multi OR 0.15 0.10 2.29

NDT2 Multi FSS 0.13 0.10 0.30

WF ZS 0.06 0.08 0.15

RNN ZS 0.03 0.01 0.02

CycleGAN + WF FSU 0.07 0.09 0.16

NoMAD + WF FSU 0.99 0.91 1.03

SPINT (Ours) GF-FSU 0.13 0.13 0.14

Table 5.2: Inference latency of SPINT against oracles (OR), few-shot supervised (FSS),

few-shot unsupervised (FSU) and zero-shot (ZS) methods on held-out sessions (lower is

better).

5.4.8 Ablation Study

We perform ablation studies to demonstrate the benefits of our context-dependent positional

embeddings and dynamic channel dropout techniques. In Figure 5.4A, we compare our

context-dependent positional embeddings with fixed (absolute) positional embeddings used

in the vanilla transformer [Ref19], and with no positional embeddings. The conventional

fixed positional embeddings break the permutation-invariance property of the cross-attention

mechanism, thus are not able to generalize to populations with different compositions in

held-out sessions. With no positional embeddings, the model is permutation-invariant by

design; however, the loss of information about neural unit functional identities hinders the

model’s ability to decode the behavior these units encode. We achieve the best of both worlds

by our proposed context-dependent positional embeddings, being both permutation-invariant

while retaining neural identities for behavior decoding.
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H1M2M1(A)

(B) With dynamic dropout
Without dynamic dropout

With dynamic dropout
Without dynamic dropout

With dynamic dropout
Without dynamic dropout

Context-dependent ID
Absolute PE
Without PE

Context-dependent ID
Absolute PE
Without PE

Context-dependent ID
Absolute PE
Without PE

Figure 5.4: Ablation Study. Analyses showing the critical roles of our proposed context-

dependent ID against fixed positional embeddings (PE) and no positional embeddings (A),

our dynamic channel dropout against no dynamic channel dropout (B). Results are shown

across M1, M2, and H1 datasets. Bars represent mean R2 across held-out sessions, whiskers

represent standard error of the mean of R2 across held-out sessions.

To demonstrate the effectiveness of our proposed dynamic channel dropout technique,

we compare the cross-session performance of SPINT with dynamic channel dropout and

without dynamic channel dropout. We show in Figure 5.4B that dynamic channel dropout

serves as an effective regularization technique by preventing the model from overfitting to the

population composition in training sessions.

5.5 Appendix

5.5.1 Within-session performance comparison

We include the within-session performance comparison between SPINT and baselines in Table

5.3. This table is similar to Table 1 in the main paper, but with metrics obtained on EvalAI’s

private splits within the held-in sessions. As observed from the table, SPINT also consistently
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outperforms ZS and FSU baselines on the held-in splits.

Class M1 M2 H1

Wiener Filter (WF) OR 0.54 ± 0.01 0.27 ± 0.02 0.24 ± 0.02

RNN OR 0.75 ± 0.03 0.59 ± 0.07 0.51 ± 0.09

NDT2 Multi [Ref137] OR 0.77 ± 0.03 0.62 ± 0.03 0.68 ± 0.05

NDT2 Multi [Ref137] FSS 0.77 ± 0.03 0.63 ± 0.03 0.62 ± 0.04

WF ZS 0.46 ± 0.06 0.15 ± 0.07 0.20 ± 0.04

RNN ZS 0.52 ± 0.15 0.20 ± 0.29 0.31 ± 0.13

CycleGAN + WF [Ref70] FSU 0.61 ± 0.02 0.32 ± 0.03 0.15 ± 0.04

NoMAD + WF [Ref71] FSU 0.64 ± 0.01 0.35 ± 0.05 0.21 ± 0.06

SPINT (Ours) GF-FSU 0.77± 0.02 0.59± 0.01 0.47± 0.06

Table 5.3: Within-session performance comparison against oracles (OR), few-shot supervised

(FSS), few-shot unsupervised (FSU), and zero-shot (ZS) methods. Our SPINT approach

belongs to a special class which we termed Gradient-Free Few-Shot Unsupervised (GF-FSU),

where models perform adaptation based on few-shot unlabeled data but without any parameter

updates at test time. Results are reported as mean ± standard deviation R2 across held-in

sessions, achieved on EvalAI private held-in splits.

5.5.2 Proof of SPINT’s permutation-invariance

Let PR, PC be the row and column permutation matrices of the same permutation π

(PC = P⊤
R = P−1

R and PCPR = I). Also let X ′ = PRX and (XC)′ = PRX
C be the

row-permuted neural windows and row-permuted calibration trials.

Since the ID embedding of each neural unit i is computed individually from the set of

calibration trials for that unit:

Ei = IDEncoder(XC
i ) = ψ(pool(ϕ(XC

i ))), (5.5)
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permuting the neural units in the original population (neural windows X or calibration trials

XC) will permute the embedding matrix E in the exact same order, i.e., E ′ = PRE.

It follows that:

Z ′ = X ′ + E ′ = PRX + PRE = PR(X + E) = PRZ (5.6)

In other words, Z is equivariant to the permutation of neural units.

Cross-attention performed on Z ′ then becomes:

CrossAttn(Q,Z ′, Z ′) = CrossAttn(Q,PRZ, PRZ)

= softmax

(
QW⊤

KZ
⊤P⊤

R√
dk

)
PRZWV

= softmax

(
QW⊤

KZ
⊤PC√

dk

)
PRZWV

= softmax

(
QW⊤

KZ
⊤

√
dk

)
PCPRZWV

= softmax

(
QW⊤

KZ
⊤

√
dk

)
ZWV

= CrossAttn(Q,Z, Z)

(5.7)

where softmax
(

QW⊤
KZ⊤PC√
dk

)
= softmax

(
QW⊤

KZ⊤
√
dk

)
PC because an element is always normalized

with the same group of elements in the same row regardless of whether column permutation

is performed before or after softmax.

Equation 5.7 concludes Proposition 1 in the main paper.

We note that multi-layer perceptron (MLP), layer normalization, and residual connection

are applied row-wise and hence do not affect the overall permutation-invariance property of

our SPINT framework.

5.5.3 Correlation of attention scores and firing statistics

We ask whether the attention scores SPINT assigns for each neural unit are correlated with its

firing statistics. To answer this question, in each held-out calibration window, we measure the
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average attention scores over B behavior covariates, and its firing statistics (mean/standard

deviation) over the held-out calibration trials, then calculate the Pearson’s correlation between

these two quantities using all held-out calibration windows. We show the results in Table 5.4.

We observe that the attention scores correlate moderately with the mean and the standard

deviation of the neural unit’s firing rates, with higher correlation for the standard deviation

than the mean, suggesting that SPINT might be extracting neural units that are active

(having high mean firing rates) and behaviorally relevant (having high variance throughout

the calibration periods where behavior is varied) to pay attention to in behavioral decoding.

M1 M2 H1

ρ(attention scores, mean firing rates) 0.33 ± 0.16 0.76 ± 0.03 0.51 ± 0.04

ρ(attention scores, standard deviation of firing rates) 0.45 ± 0.16 0.87 ± 0.02 0.57 ± 0.03

Table 5.4: Pearson’s correlation between attention scores for each neural unit and that unit

mean/standard deviation of firing rates during the held-out calibration periods. Results are

reported as the mean correlation ± standard deviation across held-out sessions. All p-values

are less than 0.05.

5.5.4 Implementation details

5.5.4.1 Data preprocessing

For neural activity, we use the binned spike count obtained by unit threshold crossing with

the standard bin size of 20ms as set forth by the FALCON Benchmark. We follow FALCON’s

continuous decoding setup for all three M1, M2, and H1 datasets, where rather than decoding

trialized behavior from the trialized neural activity (often performed in a non-causal manner),

we decode behavior at the last step of a neural activity window, mimicking the online, causal

iBCI decoding. To construct the length-W neural window at the beginning of each session,
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we pre-pad the session neural time series with (W − 1) zeros. We discard the windows whose

last time step belongs to a non-evaluated period as defined by FALCON, e.g., inter-trial

periods where there is no registered kinematics.

Our IDEncoder infers neural unit identity from trialized calibration trials. As cali-

bration trials vary in length, we interpolate all calibration trials to the same length T ,

where T = 100 for M2 and T = 1024 for M1 and H1. We use the Python library

scipy.interpolate.interp1d with a cubic spline for interpolation. Note that we only

perform interpolation for neural calibration trials to synchronize their trial lengths. We still

use the raw spike counts for the neural windows, conforming with the continuous decoding

setup.

5.5.4.2 Behavior output scaling

For M2 and H1, since values of behavior covariates are relatively small, during training we

scale the network behavior predictions by a factor of 0.2 and 0.05 for M2 and H1, respectively,

effectively asking the model to predict 5× and 20× the original behavior values. The MSE

loss and R2 metrics are computed between the scaled predicted outputs and the original

ground truth values.

5.5.4.3 Inferring neural unit identity

We follow the permutation-invariant framework in [Ref85] for inferring identity Ei of neural

unit i:

Ei = IDEncoder(XC
i ) = MLP2(

1

M

M∑
j=1

(MLP1(X
Cj

i ))) (5.8)

where M is the number of calibration trials, X
Cj

i is the neural activity of the jth calibration

trial of neural unit i, MLP1 and MLP2 are two 3-layer fully connected networks. MLP1

projects the length-T trials to a hidden dimension H, and MLP2 projects the length-H hidden

features to length-W neural unit identity output.
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Dropout 0 0.2 0.4 0.6 0.8 DD [0,1]

R2 0.51 ± 0.13 0.62 ± 0.10 0.63 ± 0.10 0.63 ± 0.10 0.60 ± 0.09 0.64 ± 0.10

Table 5.5: SPINT’s cross-session performance against dynamic dropout and different choices

of fixed dropout rates. Results are reported as mean ± standard deviation across held-out

calibration sessions. DD [0,1] stands for dynamic dropout with variable dropout rates between

0 and 1.

DD range [0, 0.1] [0, 0.2] [0, 0.3] [0, 0.4] [0, 0.5] [0,1]

R2 0.59 ± 0.07 0.59 ± 0.07 0.61 ± 0.10 0.62 ± 0.07 0.63 ± 0.07 0.64 ± 0.10

Table 5.6: SPINT’s cross-session performance across different ranges of dynamic dropout.

Results are reported as mean ± standard deviation across held-out calibration sessions.

# heads 4 8 16 32 64

R2 0.62 ± 0.08 0.63 ± 0.09 0.64 ± 0.10 0.65 ± 0.11 0.64 ± 0.10

Table 5.7: SPINT’s cross-session performance for different cross-attention head counts. Results

are reported as mean ± standard deviation across held-out calibration sessions.

# self-attention layers 0 1 2 3 4

R2 0.64 ± 0.10 0.63 ± 0.13 0.57 ± 0.13 0.61 ± 0.10 0.60 ± 0.15

Table 5.8: SPINT’s cross-session performance for different number of self-attention layers.

Results are reported as mean ± standard deviation across held-out calibration sessions.

5.5.4.4 Behavioral decoding by cross-attention

After neural identity for all units E is inferred, we add it to the neural window input X to

form the identity-aware neural activity Z, i.e., Z = X + E. We then use the cross-attention
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# cross-attention layers 1 2 3 4 5

R2 0.64 ± 0.10 0.65 ± 0.10 0.65 ± 0.10 0.64 ± 0.11 0.62 ± 0.13

Table 5.9: SPINT’s cross-session performance for different number of cross-attention layers.

Results are reported as mean ± standard deviation across held-out calibration sessions.

Window size 50 100 200 400 600

R2 0.65 ± 0.10 0.64 ± 0.10 0.64 ± 0.10 0.60 ± 0.10 0.61 ± 0.09

Table 5.10: SPINT’s cross-session performance for different context window sizes. Results

are reported as mean ± standard deviation across held-out calibration sessions.

mechanism in the latent space to decode last step behavior covariates. Specifically:

Zin = MLPin(Z) (5.9)

Z̃ = Q+ CrossAttn(Q,LayerNorm(Zin),LayerNorm(Zin)) (5.10)

Zout = Z̃ + MLPattn(LayerNorm(Z̃)) (5.11)

Y = MLPout(Zout) (5.12)

5.5.4.5 Hyperparameters

We include the notable hyperparameters used to optimize SPINT in Table 5.11. We train

and evaluate models for each M1, M2, and H1 dataset separately. We train the models using

all available held-in sessions and evaluate on all available held-out sessions. We use Adam

optimizer [Ref125] for all training.

We include representative hyperparameter sweeps demonstrating SPINT’s robustness to

hyperparameter choices in Tables 5.5, 5.6, 5.7, 5.8, 5.9, 5.10. This robustness allows SPINT

to effectively capture long-range context while maintaining a minimalist architecture without
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M1 M2 H1

Batch size 32 32 32

Window size 100 50 700

Max trial length 1024 100 1024

Number of IDEncoder layers 3, 3 3, 3 3, 3

Number of cross attention layers 1 1 1

Hidden dimension 1024 512 1024

Behavior scaling factor 1 0.2 0.05

Learning rate 1e−5 5e−5 1e−5

Table 5.11: Hyperparameters used to train SPINT on the M1, M2, and H1 datasets.

compromising generalizability. All sweep results were obtained on 20% of calibration trials

held out from each session of the M1 dataset rather than on the EvalAI test split.

5.5.4.6 Computational resources

SPINT was trained using a single A40 GPU, consuming less than 2GB of GPU memory with

batch size of 32 and taking around 12 hours, 5 hours, and 8 hours to finish 50 training epochs

for M1, M2, and H1, respectively. We select checkpoints for evaluation at epoch 50 in all M1,

M2, and H1 datasets.
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Chapter 6

LEARNING CONTEXT-AWARE REPRESENTATIONS FOR
BRAIN-TO-TEXT DECODING

This chapter contains material that was previously published in [TL4].

6.1 Background

Verbal communication is a unique feature of human social interaction. Loss of ability to

articulate speech as a result of neurological pathologies such as stroke and Amyotrophic Lateral

Sclerosis (ALS) can significantly reduce the quality of life for affected individuals. Recent

advancements in Brain-Computer Interfaces (BCI) offer promising pathways toward restoring

communication ability in these patients by translating neural activity into communicative

messages. These messages can be conveyed through various modalities, including typed

characters [Ref31], handwriting [Ref23], text [Ref152, Ref24, Ref153], and synthesized speech

[Ref153].

Among existing speech BCI systems, the methods with highest decoding accuracy and

throughput are those that translate neural signals associated with orofacial movements during

attempted speech into fundamental acoustic units (phonemes), which are then decoded into

words and sentences [Ref24, Ref153]. This two-staged approach typically involves (1) neural

signal to phonemes: using a temporal deep network to decode a binned multi-channel neural

time series into probability of phonemes being spoken at each time step, and (2) phonemes to

text: employing a language model (LM) to infer the most probable sequence of words given

the phoneme probabilities.

Prior work shows that decoding phonemes as an intermediate representation rather than

directly decoding words, provides the system the flexibility to decode phrases from extensive
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vocabularies a limited set of training examples [Ref153], since from a fixed set of 40 phonemes,

one can practically construct any word of any arbitrary length. This scalability is especially

advantageous given the limited availability of neural recordings in clinical settings.

While decoding single phonemes from neural activity may offer more scalability than

decoding words, it remains a challenging task. Given the innate variability of neural signals, the

mapping from neural activity to phonemes is many-to-one and highly nonlinear. Furthermore,

evidence suggests that cortical activation patterns producing a particular phoneme is not

static, but can vary depending on the context of surrounding phonemes, a phenomenon

known as coarticulation [Ref154, Ref155]. In other words, cortical neurons at any given time

during speech production are likely encoding a phoneme along with its context, rather than a

phoneme in isolation. Given this observation, diphone [Ref156] - a sequence of two adjacent

phonemes - is a more suitable representation for capturing this context dependency in neural

signals and potentially reducing the nonlinearity in phoneme decoding. Hence we propose

to decompose the phoneme classification task into subtasks of diphone classification, after

which diphone probabilities are summed up to obtain the phoneme prediction, i.e. predicting

phoneme distribution by marginalizing over the diphone distribution. We show that this

divide-and-conquer strategy significantly enhances phoneme decoding performance.

Recently introduced approaches leverage language models, such as n-gram model, to

translate phoneme probabilities into words [Ref24, Ref153, Ref157]. Notably, [Ref157] further

uses GPT3.5 [Ref81] after a 5-gram model to refine the resulting word sequences into coherent

sentences by ensembling multiple 5-gram transcription candidates. However, the transcription

candidates generated by the n-gram model can significantly deviate from the ground truth

phoneme sequence. To address this issue, we propose to augment the ensembling method

in [Ref157] to include decoded phonemes alongside transcription candidates, which proves

to provide extra information for GPT3.5 to infer the correct transcription. Additionally, we

propose an In-Context Learning (ICL) paradigm for LLMs, enabling them to adapt quickly

to newly decoded inputs in a gradient-free manner without the need for the computationally

expensive finetuning process. This approach offers a more efficient alternative for improving
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transcription accuracy in resource-constrained settings.

6.2 Contributions

In summary, our contributions in this work are as follows:

• We propose DCoND (Divide-and-Conquer Neural Decoder), a novel framework for

decoding phonemes from neural activity during attempted speech. Backed by neuro-

scientific insights, DCoND infers the temporal phoneme distribution by marginalizing

over the diphone distribution, leveraging the context-dependent nature of phonemes in

neural representation.

• We propose incorporating decoded phonemes alongside decoded words in an LLM-

based ensembling strategy to enhance the speech decoding performance. We also

propose the use of (ICL) paradigm (DCoND-LI) as an alternative to FineTuning LLMs

(DCoND-LIFT), offering a more efficient solution for resource-constrained brain-to-text

systems.

• We demonstrate the effectiveness of our approaches on the Brain-to-Text 2024 bench-

mark, where our approach achieves state-of-the-art (SOTA) PER of 15.34% and WER

of 5.77%, a significant improvement compared to 8.93% WER of the leading SOTA

method.

6.3 Methods

Problem formulation The problem of decoding phonemes from neural activity can be

formulated as follows. Let f : X → Z be the mapping from neural activity X ∈ RT×D to

phoneme sequence Z ∈ RT ′
, where D is the number of neural features, T is the number of

neural time bins, and T ′ is the number of ground truth phonemes in a sentence. We note

that T > T ′ in general, i.e. the articulation of one phoneme may span multiple timesteps.

We also emphasize that there is no ground truth temporal alignment between X and Z due
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Figure 6.1: Overview of the Brain-to-Text decoding pipeline. The Neural Decoder with

Divide-and-Conquer Strategy (DCoND) decodes multi-channel neural activity into phonemes.

The phonemes are subsequently converted into words by LLMs using either ICL or fine-tuning

techniques.

to the nature of the silent speech task. Both T and T ′ vary across trials depending on the

length of the sentence in that trial. We aim to learn a model fθ : X → Z to approximate f

with a set of parameters θ. We use an RNN model (GRU) for fθ. GRU has demonstrated

superior performance on this dataset, as reported in previous works [Ref24, Ref158]. A

comparative study of alternative architectures, such as LSTM and transformer, is avaliable in

the Appendix. Decoded phonemes Z can be subsequently translated to sentences Y with the

help of a language model hϕ : Z → Y , where hϕ can be a pre-built statistical language model,

e.g. 5-gram, or an LLM, e.g. GPT3 [Ref81]. The overall pipeline is depicted in Figure 6.1.

A Divide-and-Conquer strategy for phoneme decoding Decoding phonemes from

neural activity is a nontrivial task given the highly nonlinear nature of f and the variability

of the neural population dynamics. Evidence exists that the neural representations for

phonemes vary depending on the surrounding contexts [Ref154, Ref155]. We illustrate this

observation in Figure 6.2 where segments of phoneme-aligned neural activity form clusters in

the neural space based on the context they are in. It can be seen that there is no single cluster
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representing each phoneme, but rather each phoneme is represented by multiple subclusters.

We further show that the subclusters are identifiable by the phoneme preceding the phoneme

of interest. For instance, the phoneme AH is represented by subclusters DH → AH and

SIL → AH (see further discussion in Section 6.4.4). Learning to model these context-aware

sub-units of speech instead of single phonemes directly could facilitate the phoneme decoding

task. Concretely,

f(x) := p(Z|X) =
∑
S

p(Z, S|X) =
∑
s∈S

gZs (x) (6.1)

where S is a random variable denoting the context surrounding the phoneme Z. To be

noticed, Z takes values from phoneme classes, such that Z ∈ [1, C]. The problem of learning

single phoneme classes (f) now reduces to the problem of learning the phoneme context-

dependent subclasses (gZs ), which is more manageable and in-line with the context-dependent

nature of the data. We refer to our phoneme decoder with this divide-and-conquer strategy

as DCoND.

Diphone as a context-dependent representation of phonemes The context-dependent

subclasses could be defined in multiple ways. In this work, we adopt diphone, a context-

dependent representation for phoneme sequences where transitions between phonemes are the

subject of interest. For example, the single phoneme representation of “hope”, H, OW, P ,

will have a diphone representation:

SIL→ H, H → H, H → OW, OW → OW, OW → P, P → P, P → SIL.

where ’SIL’ indicates the silence between the words. Diphone expands the length of phoneme

sequence to T ′′ = 2T ′ and increases the number of decoding classes to C2, where C = 40 for

the English language1.

Formally, we reformulate the problem of decoding phoneme from neural activity as the

1the phonemes are defined as per CMU Pronouncing Dictionary: http://www.speech.cs.cmu.edu/

cgi-bin/cmudict/
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Figure 6.2: A: 2D t-SNE visualization of neural signal projections illustrating the context-

dependent nature of phonemes in neural reprentations. Different colors indicate different

diphone classes. B: Confusion matrix of ground truth phonemes vs. DCoND’s predicted

phonemes. C: 2D t-SNE visualization for the latent space of the neural decoder trained with

single phoneme decoding objective (Monophone). Different colors indicate different phoneme

classes. D: 2D t-SNE visualization for the latent space of the neural decoder trained with

diphone decoding objective. Different colors indicate different diphone classes.
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Figure 6.3: A: Illustration of the brain-to-phoneme decoding pipeline (DCoND). An RNN in

DCoND takes multi-channel neural signals as inputs and generates diphone probabilities, which

are then marginalized into single phoneme probabilities. B: Illustration of the ensembling

method for refining transcription predictions (LI/LIFT). Given an ensemble of phoneme

and transcription candidates as a query, GPT3.5 produces the most sensible transcription

composed from these inputs. To do this, the LLM leverages examples of prediction-correction

pairs provided either in-context at inference time (LI) or as training data during the finetuning

process (LIFT).

marginalization over the distribution of diphones, conditioning on the observed neural activity

p(Z = ci|X) =
∑
cj∈S

p(cj, ci|X),

where p(cj, ci|X) is the probability of neural activity X encoding the diphone cj → ci. A

visualization of the marginalization process is shown in Fig. 6.3A. Neural activity is processed

by an RNN to predict the probability of 402 diphones being spoken at each timestep. The

diphone probability is depicted by a 40 × 40 matrix where columns correspond to the main

phonemes and rows correspond to the preceding phonemes. The single phoneme probability

is then obtained by summing the joint probabilities column-wise.
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Parameter Optimization for Phoneme Decoding As mentioned above, we do not have

the temporal alignment between T timesteps of neural activity and T ′ ground truth phonemes

in each trial. We therefore use the Connectionist Temporal Classification (CTC) loss as

proposed in [Ref159] to resolve the non-alignment issue. Specifically, we try to maximize the

probability of Z given X

p(Z|X) =
∑

A∈A(X,Z)

T ′∏
t=1

p(at|X), (6.2)

where A(X,Z) is the set of valid alignments between X and Z.

Now that we have the diphone representation for each ground truth sentence, we consider

the CTC losses over both the diphone and single phoneme representations:

L = αLc + (1 − α)Ls (6.3)

where Lc = − log(
∑

A∈A(X,Z)

∏T ′

t=1 pm(at|X)) is the loss for single phoneme decoding, and

Ls = − log(
∑

A∈A(X,S)

∏T ′′

t=1 p(at|X)) defines the loss over subclasses (diphone) decoding.

Coefficient α controls the balance of the single phoneme decoding and diphone decoding.

α is designed to be small at the beginning and gradually increase over the course of training.

See Appendix 6.5.7 for more implementation details.

Word Decoding with Language Models The predicted phoneme probabilities are

further transformed into high-quality text through (i) generation of transcription candidates

from phonemes, (ii) re-scoring of transcription candidates, and (iii) error correction using an

ensemble of selected candidates.

Transcription Generation. During the phase of candidate sentence generation, we convert

the predicted phoneme probabilities into words using a 5-gram model. Based on the predicted

phoneme probability distribution, the 5-gram model leverages its internal word and sentence

distributions to generate the most likely sentence candidates [Ref160, Ref24]. Each candidate

is associated with a likelihood score provided by the 5-gram model.

Transcription Re-scoring LLMs trained on large corpora of texts, such as the Open

Pre-trained Transformer (OPT) [Ref161], could provide more accurate likelihood of the
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generated transcriptions. Hence, we use OPT to re-score the 5-gram likelihood outputs. The

transcription candidates with the highest likelihoods are selected[Ref24].

Transcription Error Correction with Ensemble Method While the 5-gram and OPT models

can correct some phoneme errors made by the phoneme decoder to produce more contextually

sound sentences (transcriptions), these sentences are not always perfect. Variations of

the phoneme decoding model could result in changes of generated and selected sentence

candidates. Ensembles of phoneme decoding models, with each model being an expert in

different situations, could mitigate the errors made by another model.

In [Ref157] GPT3.5 is finetuned to evaluate an ensemble of 10 transcription candidates

and generate the most sensible sentence from the 10 candidates. However, providing GPT3.5

only the candidate transcriptions hinders the LLM’s ability to understand the underlying

phoneme sequences, which are the generating source of the transcriptions and might have

been incorrectly converted by the 5-gram model. We therefore propose to include both the

transcription candidates and the corresponding phoneme sequences as inputs to GPT3.5,

tasking the model with generating both the correct transcription and phoneme sequence. An

illustration of such task is shown in Fig.6.3. By finetuning the LLM in this manner, we train

it to infer the relationship between predicted phonemes and the predicted transcriptions, as

well as identifying common model-specific mistakes made by the phoneme decoders across

their predictions. We show in Section 6.4.3 that this strategy further boosts the WER from

8.06% to 5.77%.

In addition, since finetuning LLM is a resource-intensive process, we also propose to

leverage ICL as an alternative learning paradigm for refining predicted transcriptions. Instead

of finetuning GPT3.5 over multiple batches of (10× predictions, 1× ground truth) pairs, we

directly include N examples of these pairs as context in each prompt, along with a query

input to be refined. The LLM then leverages its ICL ability to quickly refine the query

transcriptions without updating its weights. The prompts used for both in-context inference

and finetuning are detailed in the Appendix.
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6.4 Results

6.4.1 Dataset

We demonstrate the effectiveness of DCoND-LIFT in decoding attempted speech using the

Brain-to-Text Benchmark 2024 [Ref24, Ref162]. The dataset was collected from a human

subject with ALS who had lost the ability to produce intelligible speech. In the experiments,

the subject attempts to silently speak sentences displayed on a screen. These sentences

are composed from a vocabulary set of 125,000 words. In each trial, one sentence is shown

followed by an auditory ‘Go’ cue, after which the subject attempts to speak at their own

pace. Neural activity (multiunit threshold crossings and spike band power) is recorded from

the ventral premotor cortex (6V) while the subject attempted speaking. Due to the nature of

the silent speech task, the correspondence between neural activity and the produced speech

is unknown. The dataset is split into training, validation, and competition sets with 8800,

600, and 1200 sentences, respectively.

6.4.2 Evaluation Metrics

PER Phoneme Error Rate (PER) is calculated by comparing the decoded phoneme sequence

with the ground truth phoneme sequence. After aligning the recognized phoneme sequence

with the reference phoneme sequence, the number of insertions, deletions, and substitutions

required to match the sequences are counted. The sum of these operations is divided by the

total number of phonemes in the ground truth sequence to compute the PER. This metric

reflects how accurately neural signals can be recognized into phonetic units.

WER Similar to PER, word error rate (WER) is computed by aligning the sequence

of recognized words with the ground truth sentence first and then counting the number of

insertions, deletions, and substitutions of words needed to reconcile any discrepancies between

the two sequences. The total number of these operations is divided by the total number

of words in the reference sequence to obtain WER. As neural activity is translated into

phonemes before converted into words, WER reflects the performance of both neural decoder
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Table 6.1: Performance comparison on Brain-to-Text 2024 Benchmark

PER×100 ↓ WER×100 ↓ P-WER×100 ↓

NPTL [Ref24] 16.62 9.46 11.33

LISA [Ref157] – 8.93 –

DCoND-L (Ours) 15.34 8.06 8.02

DCoND-LI (Ours) – 7.29 –

DCoND-LIFT (Ours) – 5.77 –

and the language model.

P-WER We adapt Perceptual Word Error Rate (P-WER) [Ref153] to measure the quality

of phoneme decoding at the word perception level. Specifically, we use eSpeak-NG [Ref163]2

to synthesize speech from the decoded phoneme sequences. Then the synthesized speech is

translated into sentences by Whisper [Ref164] from which the WER is estimated. Considering

the systematic errors introduced by the eSpeak-NG synthesizer and the Whisper ASR system,

we define P-WER as follows

P-WER = (1 − 1 − WERWhisper-P

1 − WERWhisper-GT

),

where WERWhisper−GT and WERWhisper−P are the WER measured on Whisper’s decoded

transcriptions when audio is synthesized with ground truth phoneme sequences (GT) and

predicted phoneme sequences (P), respectively.

6.4.3 Comparison with SOTA Methods

We show DCoND-LIFT achieves state-of-the-art performance on the Brain-to-Text Benchmark

2024, where WER is the primary evaluation metric (see Table 6.1). Specifically, we compared

2https://github.com/espeak-ng/espeak-ng
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DCoND-LIFT with the leading methods NPTL [Ref24] and LISA [Ref157]. NPTL uses a

5-layer RNN to decode neural activity to phonemes, followed by a combination of 5-gram

and OPT language models [Ref160, Ref161] to translate decoded phonemes to texts. LISA

uses the same RNN model architecture as NPTL to decode phonemes from neural activity,

but leverages GPT3.5 to further improve transcriptions given by the 5-gram model.

As seen in Table 6.1, our model variants outperform the competing methods across the

board. DCoND combined with 5-gram LM and OPT (DCoND-L) yields WER of 8.06%,

compared to 9.46% WER of NPTL and 8.93% of LISA. Further sensitivity analysis is provided

in Table 6.2 of the Appendix. Given that DCoND-L uses the same RNN backbone and

LMs as NPTL, we posit that the improvements in WER come from the effectiveness of our

divide-and-conquer phoneme decoding strategy. Indeed, DCoND-L achieves a better PER

and P-WER (15.34% and 8.02% compared to 16.62% and 11.33% of NPTL), proving that

modeling context-dependent phoneme representations facilitates the phoneme decoding task.

The WER further improves when we equip DCoND-L with the more powerful language

model GPT3.5 to evaluate an ensemble of predicted transcriptions and their associated

phoneme representations. When ensemble examplars are shown to GPT3.5 in-context

(DCoND-LI), WER improves from 8.06% to 7.29%. This performance is achieved with 25 ICL

examplars, the largest number of ICL examplars GPT3.5 can afford due to its prompt length

constraint. When we finetune GPT3.5 using all available training examplars (DCoND-LIFT),

WER is further boosted to 5.77%, a significant improvement over 8.93% WER of LISA. These

results support our proposal of including both transcriptions and phoneme representations in

the demonstrations to GPT3.5 so that it can leverage the relationship between phonemes

and words to refine the transcriptions.

6.4.4 Phoneme Decoding Analyses

Neural activity represents phonemes in context-dependent clusters Previous works

demonstrate that the accuracy of decoding phonemes from neural activity could degrade when

phonemes are pronounced in the context of other phonemes as opposed to being pronounced
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individually [Ref155]. To get a glimpse of how the brain encodes phonemes, in Fig. 6.2A we

visualize phoneme-aligned segments of neural activity in the 2D t-SNE space [Ref165]. Since

the dataset does not have the exact temporal correspondence between neural activity and

phonemes, we leverage Dynamic Time Warping (DTW) to align the ground truth phonemes

to neural activity segments according to the timestamps obtained from the decoded phonemes

[Ref166]. We annotate the neural activity segments based on the resulting phoneme alignment.

The visualization reveals that neural activity segments form distinct clusters in the t-SNE

space. Notably, these clusters are organized based not only on single phonemes but also on

the context in which they are spoken. For instance, during periods where ‘T’ is the main

phoneme being spoken, the neural activity is organized into subclusters of AE→T (orange)

and SIL→T (pink), depending on whether phoneme ‘AE’ or ‘SIL’ is spoken before ‘T’. Similar

observations hold for subclusters DH→AH (green) and SIL→AH (red) for phoneme ‘AH’.

We note that further subclusters could exist within each subcluster, suggesting a continuum

of finer contexts beyond the preceding phoneme.

Decoding diphone leads to enhanced clusters in latent space We visualize in

Figures 6.2C and 6.2D the latent space at the last layer of the neural decoder when trained

to decode single phonemes (monophones) vs. diphones. In Figure 6.2C, each color represents

a single decoded phoneme label. For clear visualization, we selected five single phoneme

classes with the most samples. The clusters that correspond to single phonemes appear to

spread out over the whole space, and overlap with each other. In Figure 6.2D, each color

represents a decoded diphone. Since there are fewer samples for each diphone, we visualize

16 diphone classes with the highest occurrence. It can be observed that the neural decoder

represents diphones in the latent space by clusters that are significantly more condensed

and well-separated. Such clear structure facilitates the subsequent classification of single

phonemes and demonstrates the effectiveness of our divide-and-conquer phoneme decoding

method.

Phoneme Prediction Error Analysis In Figure 6.2B, we show the confusion matrix of

the predicted phonemes and the ground truth phonemes. From the figure we can see that
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Table 6.2: Sensitivity analysis on Brain-to-Text 2024 Benchmark. We report the mean ±

standard deviation of PER, WER, and P-WER across 5 random seeds.

PER×100 ↓ WER×100 ↓ P-WER×100 ↓

NPTL [46] 16.62 9.46 11.33

LISA [2] – 8.93 –

DCoND-L (Ours) 15.44 ± 0.46 8.39 ± 0.22 8.09 ± 1.62

DCoND-LI (Ours) – 7.23 ± 0.08 –

DCoND-LIFT (Ours) – 5.90 ± 0.08 –

most phonemes are correctly classified with accuracy greater than 80%. The mistakes the

model typically makes, if any, are on phonemes that are pronounced similarly. For example,

the model usually confuses ‘SH’ with ‘S’, and ‘CH’ with ‘TH’. Since the articulation of these

phonemes is very similar, the neural activity generating them is likely to be similar. Such

confusion is expected to some extent, given the ALS condition hindering the subject’s ability

to clearly articulate the desired words.

6.5 Appendix

6.5.1 Sensitivity Analysis

We report the mean and standard deviation of DCoND-L, DCoND-LI and DCoND-LIFT

in Table 6.2. The mean and standard deviation are obtained across 5 random seeds. The

proposed methods (DCoND-L, DCoND-LI and DCoND-LIFT) maintain a significant gap

over the NPTL and LISA baselines [Ref24, Ref157].
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Table 6.3: Diphone vs DCoND decoding performance in terms of PER and WER. Results

are reported as the mean ± standard deviation across 5 random seeds.

Diphone DCoND

PER×100 ↓ 19.14 ± 0.08 15.44 ± 0.46

WER×100 ↓ 12.73 ± 0.22 11.79 ± 0.30

6.5.2 Ablation of DCoND Algorithm

We further examined the role of marginalization step in DCoND. Specifically, we ablated

the Lc loss term, retaining only the Ls loss term. The predicted diphone probabilities are

taken as inputs to a 3-gram language model. The resulting WER is presented in Table 6.3.

For a fair comparison, we also measured the WER using a 3-gram language model with

marginalized outputs from DCoND. The results in Table 6.3 demonstrate the importance of

marginalizing over the predicted diphone probabilities in DCoND which achieves lower WER

(11.79) compared to the case where WER marginalization procedure is ablated (WER=12.73).

6.5.3 Triphone as an alternative for context-dependent phoneme representation

Triphones expand upon diphones by incorporating a larger context. Specifically, a triphone

considers one phoneme before and one phoneme after the current main phoneme. Consequently,

when a neural signal segment is decoded into acoustic units based on the continuity of three

phonemes, it reflects a triphone structure. For example, the single phoneme sequence

H, OW, P

for “hope”, can be transferred to triphone

“SIL→ H → OW, H → OW → P, OW → P → SIL”.
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In this scenario, the time steps required for decoding single phonemes and triphones remain

the same. However, triphones introduce a substantial increase in the number of classes,

scaling as N3, which can be prohibitively large (e.g., 64000 when N = 40). The divide and

conquer idea in this case could be expressed as:

f(x) = p(Z = ci|X) =
∑

cj∈C,cq∈C

p(cj, ci, cq|X)

Similar to the diphone probability matrix, these triphone classes are then mapped into a

triphone matrix, where each element represents the probability of the current neural signal

encoding the phoneme transition from phoneme cj to phoneme ci and concluding at phoneme

cq. By summing over the first and last dimensions, we obtain p(Z = ci|X). Given the potential

sparsity of triphone combinations, certain triphone subclasses may not occur frequently in a

given language. To mitigate this, we select the top K subclasses for each triphone sample,

based on occurrence counts within the current vocabulary. Specifically, for a main phoneme

ci, we rank all possible combinations of ∗− > ci− > ∗ and retain the top K as subclasses for

the phoneme class ci.

Additionally, aside from selecting the top K subclasses, an alternative approach involves

grouping phones according to articulation similarity [Ref152]. This categorization leads to

subclasses of the phoneme ci as groupj− > ci− > groupq. We categorize phonemes into 14

groups, encompassing Bilabial Sounds, Labiodental Sounds, Dental Sounds, Alveolar Sounds,

Palatal Sounds, Velar Sounds, Glottal Sounds, Front Vowels, Central Vowels, Back Vowels,

and SIL. In this context, the number of subclasses amounts to 14∗40∗14, which is comparable

to the number of classes when K = 200 (resulting in a total of 200*40 subclasses).

6.5.4 Additional Ablation Study on the Contribution of LMs

We conduct additional study to assess the role of phoneme-to-transcription generation and

re-scoring methods (Figure 6.4). We show that removing the re-scoring step performed by the

OPT model in DCoND-L significantly degrades WER (DCoND-3gram and DCoND-5gram),

highlighting the importance of the transcription re-scoring step. In addition, the 5-gram
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Figure 6.4: Ablation study on the contribution of re-scoring step in the phoneme-to-

transcription pipeline. DCoND-3gram: DCoND decoding with 3-gram language model

for transcription generation. DCoND-5gram: DCoND decoding with 5gram language model

for transcription generation. DCoND-L: DCoND decoding with 5gram language model and

re-scoring step. Performance is reported as the mean ± standard deviation across 5 random

seeds.

model with longer phoneme dependency generates more accurate transcription candidates

compared to the 3-gram model.

6.5.5 Open-Source LLMs for DCoND-LI & DCoND-LIFT

In addition to the closed-source GPT-3.5, we explore the use of the open-source Llama-3.1-70B

for refining transcription predictions. We evaluated Llama-3.1-70B in both in-context learning

(DCoND-LI) and fine-tuning (DCoND-LIFT) scenarios and compare it against GPT3.5 (Table

6.4). Llama-3.1-70B performs on par with GPT3.5 in ICL setting, while closely trail behind

in finetuning setting, all the while outperforming NPTL and LISA baselines. These results

demonstrate our method’s robustness and generalizability to other LLMs besides GPT3.5,

and warrant the accessibility of our methods to the broad community.
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Table 6.4: We compare the effect of language model version to the DCoND-LI and DCoND-

LIFT performance. The model candidates are GPT-3.5 vs Llama-3.1-70B.

Llama-3.1-70B WER GPT 3.5 WER

DCoND-LI 7.38 7.29

DCoND-LIFT 6.85 5.77

Table 6.5: Comparison of different model architectures on phoneme decoding performance.

Phoneme Eror Rate (PER) is reported as the mean ± standard deviation across 5 random

seeds.

PER

Transformer LSTM GRU

NPTL 39.58 ± 0.15 17.49 ± 0.32 16.63 ± 0.19

DCoND 38.88 ± 0.17 16.08 ± 0.23 15.44 ± 0.46

6.5.6 Investigation on Architecture Choices for Neural Decoders

We study the effects of different model architectures on the phoneme decoding performance

(PER) (Table 6.5). We observe a significant performance degradation in PER when using

Transformer as the neural decoder. On the other hand, RNN counterparts (LSTM and GRU)

perform decently well, with GRU being the most performant model for both single phoneme

decoding (NPTL) and diphone decoding (DCoND).

6.5.7 Implementation Details

We preprocess the neural signal and construct an RNN neural encoder following the methodol-

ogy outlined in [Ref24]. The raw neural signal X ∈ RT×D is initially partitioned into smaller
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patches with a window size of W , resulting in a patched neural signal of shape X ∈ RT ′×(DW ).

Overlapping between patches is permitted and determined by the stride size. W = 14 for

diphone experiments and 32 for the triphone experiemnts. The bidirectional RNN processes

these patched neural signals as inputs, which are subsequently transformed into the neural

representation space H = [h1, h2, · · · , hT ′ ] ∈ RT ′×d. A fully connected layer then maps the

hidden representations to diphone or triphone subclasses, denoted as P (S = si|X). The

outputs of the fully connected layer are used to compute Ls. The computation of single

phoneme probabilities is detailed in Equation 6.3. We merge the probability computed from

diphone or triphone.

During the RNN training, we utilize a batch size of 32, a learning rate of 0.02, and the

Adam optimizer across various experiments the same set of parameters as used in NPTL

baseline [Ref24]. To facilitate diphone and triphone learning, we initially train the subclasses

for 10 epochs and then gradually increase the ratio of the single phoneme loss by 0.1 every 10

epochs until it reaches 0.6. The number of training epochs varies for single phoneme learning,

diphone learning, and triphone learning. Specifically, we conduct experiments for up to 100

epochs for single phoneme learning (NPTL baseline), 120 epochs for diphone learning, and

140 epochs for triphone learning since the diphone and triphone required additional subclass

training procedures. Increasing the number of training epochs can often lead the model to

overfit the training data. Training was done on 2 GeForce RTX 2080 Ti with around 12GB

memory. The training take around 6-8 hours.

The 5-gram model takes the predicted phoneme logits as inputs, which can be scaled

by a temperature factor denoted as t using the formula logits := logits/t. Through experi-

mentation, we have found that setting t = 1.2 generally improves the decoding performance.

Therefore, we use t = 1.2 for our experiments, including the implementation of NPTL, which

has resulted in improved baseline results. Specifically, the leaderboard score has improved

from 9.76 to 9.46.
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Figure 6.5: Phoneme error types analysis during single phoneme decoding and diphone.

6.5.8 Phoneme Error Analysis

We conducted a detailed analysis of the various types of errors encountered during phoneme

decoding. This analysis involved assessing the operations necessary to align the decoded

phoneme sequence with the ground truth phonemes, comparing scenarios where only single

phoneme decoding is used versus employing diphone subclass decoding. Overall, our findings

indicate that employing diphone subclass decoding leads to a reduction in the number

of operations required to align the decoded sequence with the ground truth phonemes.

Specifically, fewer editing operations, particularly substitutions, are needed when utilizing

the diphone decoding paradigm compared to directly decoding single phonemes.

6.5.9 Prompt for GPT3.5

Prompt to GPT3.5 : Your task is to perform automatic speech recognition. Below are

multiple candidate transcriptions together with their corresponding phoneme representations.

The phonemes are taken from the CMU Pronouncing Dictionary. The special symbol SIL

represents the start of the sentence, or the end of the sentence, or the space between two

adjacent words. Based on the transcription candidates and their phoneme representations,

come up with a transcription and its corresponding phoneme representation that are most

accurate, ensuring the transcription is contextually and grammatically correct. Focus on

key differences in the candidates that change the meaning or correctness. Avoid selections
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with repetitive or nonsensical phrases. In cases of ambiguity, select the option that is most

coherent and contextually sound, taking clues from the phoneme representations. The

candidate phoneme representations may not always be the correct representation of the

corresponding candidate transcriptions. Some phonemes in the candidate phoneme sequences

might have been incorrectly added, removed, or replaced. However, the candidate phonemes

contain useful information that will help you come up with the correct transcription and

phoneme representation. You should translate each subgroup of phonemes that is enclosed

by two SIL symbols into one single word. You should remove SIL symbols at the start or the

end of the phoneme sequence. Respond with your refined transcription and its corresponding

phoneme representation only, without any introductory text.

Examples of prediction and correction pairs Transcription candidate 1: but we don’t

know that. Transcription candidate 2: but we don’t know that. Transcription candidate 3:

but you don’t know that. Transcription candidate 4: but you don’t know that. Transcription

candidate 5: but you don’t know that. Transcription candidate 6: but you don’t know that.

Transcription candidate 7: but you don’t know that. Transcription candidate 8: but you

don’t know that. Transcription candidate 9: but we don’t know that. Transcription candidate

10: but we don’t know that. Phoneme candidate 1: SIL B AH T SIL W IY SIL D OW N T

SIL N OW SIL DH AE T SIL. Phoneme candidate 2: SIL B AH T SIL Y IY SIL D OW N T

SIL N OW SIL DH AE T SIL. Phoneme candidate 3: SIL B AH T SIL Y UW SIL D OW N

T SIL N OW SIL AE T SIL. Phoneme candidate 4: SIL B AH T SIL Y UW SIL D OW N T

SIL N OW SIL DH AE T SIL. Phoneme candidate 5: SIL B AH T SIL DH UW SIL D OW

N T SIL N OW SIL DH AE T SIL. Phoneme candidate 6: SIL B AH T SIL Y UW SIL D

OW N T SIL N OW SIL DH AE T SIL. Phoneme candidate 7: SIL B AH T SIL Y UW SIL

D OW N T SIL N OW SIL DH AE T SIL. Phoneme candidate 8: SIL B AH T SIL Y UW

SIL D OW N T SIL N OW SIL DH AE T SIL. Phoneme candidate 9: SIL B AH T SIL W

IY SIL D OW N T SIL N OW Z SIL DH AE T SIL. Phoneme candidate 10: SIL B AH T

SIL DH IY SIL D OW N T SIL N OW SIL AE T SIL.
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Table 6.6: Example of In-Context-Learning (ICL) prompts and query.

System Prompt: Your task is to perform automatic speech recognition. You are given

ten candidates of an unknown transcription. Your job is to come

up with a transcription that is most accurate, relying on the context

that the candidates provide. First, observe the provided examples

demonstrating how the task should be done, then work on the query

candidates.

In each example, ten transcription candidates, their corresponding

phoneme representations, and a ground truth transcription are given.

The ground truth transcription is the correct transcription, while the

transcription candidates and phoneme representations may or may not

contain errors. Some phonemes in the phoneme sequences might have

been incorrectly added, removed, or replaced. However, the phonemes

contain helpful information that will help you come up with the correct

transcription.

You should translate each subgroup of phonemes that is enclosed

by two SIL symbols into one single word. You should remove SIL

symbols at the start and the end of the phoneme sequence. Make sure

your transcription based on the query candidates is contextually and

grammatically correct. Focus on key differences in the candidates that

change the meaning or correctness. Avoid selections with repetitive

or nonsensical phrases. In cases of ambiguity, select the option that

is most coherent and contextually sound. Respond with your final

transcription only, without any introductory text.
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Context prompt: Example 1: Transcription candidate 1 : i enjoyed it very much. · · ·

Transcription candidate 10: i enjoyed it very much. Phoneme candidate

1: AY SIL EH N JH OY D SIL IH T SIL V EH R IY SIL M AH CH

SIL. · · · Phoneme candidate 10: AY SIL EH N JH OY D SIL IH T

SIL V EH R IY SIL M AH CH SIL. · · · Ground truth phonemes:

AY SIL EH N JH OY D SIL IH T SIL V EH R IY SIL M AH CH.

Ground truth transcription: i enjoyed it very much. · · ·

Example N: Transcription candidate 1: the ranks of asian riders are

falling too. · · · Transcription candidate 10: the ranks of asian riders

are willing to. Phoneme candidate 1 : DH AH SIL R AE NG K S SIL

AH V SIL EY ZH AH N SIL R AY D Z SIL AA R SIL F L D IH NG

SIL T UW SIL. · · · Phoneme candidate 10 : DH AH SIL R AE K S

SIL AH V SIL EY ZH AH N SIL R EY D ER Z SIL AA R SIL F IY L

IH NG SIL T UW SIL. Ground truth phonemes: DH AH SIL R

AE NG K S SIL AH V SIL EY ZH AH N SIL R AY D ER Z SIL AA

R SIL S W EH L IH NG SIL T UW. Ground truth transcription:

the ranks of asian riders are swelling too

Query: Transcription candidate 1: i’m originally from colorado. · · · Transcrip-

tion candidate 10: i’m only from colorado. Phoneme candidate 1: SIL

AY M SIL ER N AH L IY SIL F R AH M SIL K AO L ER AA D OW

SIL. · · · Phoneme candidate 10: SIL AY M SIL AH N L IY SIL F R

AH M SIL K AO L R AA D OW SIL.
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Chapter 7

CONCLUSION

In this dissertation, I have developed a series of methods to learn representations from

neural population activity that remain robust under variability across scales—from stochastic

fluctuations on single trials, to changes in the composition of recorded populations across

sessions, to context-dependent changes in neural encoding across behavioral tasks. Across

four studies, I developed architectures and training strategies that incorporate inductive

biases reflecting the properties of individual neurons and other objectives encoded by the

populations. Together, these contributions advance a representation-learning perspective for

systems neuroscience and brain–computer interfaces (BCIs), in which models are designed

not only to serve the behavior decoding objective, but also to extract stable abstractions of

neural processes that would be useful for later downstream tasks.

In the first line of work, I introduced STNDT—a spatiotemporal transformer architecture

for modeling single-trial population dynamics. By explicitly attending over neurons and time,

this model captures both the coordination between neurons and the temporal dependencies

at the population level, improving upon recurrent and latent-state baselines in reconstructing

the underlying firing rates, predicting held-out neurons and future activity, and supporting

accurate behavior decoding. The formulation demonstrates that population-level structures

can be effectively captured by attention mechanisms without the need of behavior labels.

The second line of work focused on learning time-invariant representations for individual

neurons from multi-session recordings (NeuPRINT). In this study, we proposed a self-

supervised framework that embeds each neuron into an identity space informed by its

dynamical relationships with the surrounding population. These embeddings are designed

to be stable across sessions and robust to changes in overlapping populations, enabling the
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recovery of transcriptomic or functional classes with lightweight downstream classifiers. This

study provides evidence that neuronal identity can be inferred from in vivo activity patterns

and population context, reducing reliance on expensive joint molecular profiling and offering

a path toward scalable, automated cell type inference.

The third line of work addressed one of the central obstacles to long-term iBCI deployment:

session-to-session nonstationarity. We developed SPINT—a spatial permutation-invariant

transformer that treats simultaneously recorded units as an unordered set and learns context-

dependent identities from a small number of unlabeled calibration trials. This design

eliminates the need for explicit channel-wise alignment and model fine-tuning at test time

while maintaining strong cross-session decoding performance. The resulting framework shows

that appropriately constructed permutation-invariant encoders, combined with few-shot

calibration, can advance the robustness of long-term BCIs under the practical constraints of

chronic implantation.

Finally, we explored neural decoding in a challenging domain: brain-to-text communication.

In this setting, we introduced DCoND-LIFT—a divide-and-conquer decoding framework

that maps neural activity to context-aware intermediate phonetic units and then leverages

powerful language models to infer coherent texts. This approach exploits the inherent context

dependence of neural representations during attempted speech and uses the acoustic context-

dependent representations (diphones) as the intermediate targets for speech decoding. The

framework illustrates how a carefully selected neural representation inspired by a known

neuroscientific phenomenon (coarticulation) can be leveraged to achieve high-performance

speech decoding when combined with large language models.

Taken together, these studies support a coherent view: robust and high-performing

neural interfaces are achieved when we treat neural population analysis as a problem of

representation learning under variability. By explicitly encoding desired invariances—over

neurons, over time, and over experimental conditions—into model architectures and training

objectives, we obtain representations that transfer across trials, sessions, and contexts more

effectively than conventional methods. The techniques developed in this dissertation connect
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tools from modern machine learning (self-supervision, attention, permutation invariance,

sequence modeling) with concrete demands of systems neuroscience: uncovering latent

dynamics, inferring neuronal identity, coping with neural nonstationarity, and decoding

complex behaviors.

Despite these strengths, the studies presented in this dissertation have several overarching

limitations. First, all four studies are evaluated on relatively constrained datasets, largely

single-lab recordings, a limited set of brain areas, and specific motor or speech tasks. It

remains unclear how far the learned representations can generalize across modalities, subjects,

species, and behavioral tasks. Second, the models are trained and assessed primarily in offline,

open-loop settings, optimizing reconstruction or decoding objectives on curated datasets.

They have not yet captured the coupled adaptation between the brain, behavior, and algorithm

that dominate real-world neural interfaces. Third, the forms of invariance we encourage across

trials, sessions, and channels are largely encoded through hand-designed architectural choices

and training objectives, rather than emerging from large-scale, heterogeneous pretraining.

These overarching limitations point to several promising directions for future research. A

natural next step is to scale these representation-learning frameworks into foundation models

for neuroscience trained on diverse, multi-area, multi-task, and multi-modal datasets, with

objectives that encourage transfer across trials, sessions, subjects, and species. Such models

could provide standardized latent spaces or neuron embeddings that serve as reusable priors for

downstream analyses, including rapid decoder initialization and cell-type inference, potentially

reducing the dependence on extensive task-specific supervision [Ref26, Ref167, Ref168, Ref169].

In parallel, the clinical and scientific impact of robust decoders will ultimately depend on

closed-loop evaluation beyond the offline benchmarks emphasized in this dissertation. Future

work should test whether these invariance-driven representations sustain performance under

real-time feedback, user adaptation, in pathological subjects, and whether they can support

stable decoding with minimal recalibration over months to years [Ref170]. Bridging large-

scale pretraining on diverse and heterogeneous neural data with closed-loop studies would

strengthen the adoption of these methods for real-world iBCIs under the coupled dynamics
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of brain, behavior, and algorithm.

In conclusion, this dissertation demonstrates that learning structured, invariant represen-

tations from neural population dynamics offers an effective algorithmic strategy for addressing

neural variability across scales. By bridging modern deep learning with domain-specific

constraints of neural data, the proposed methods provide practical contributions: they illus-

trate how to design models that are simultaneously expressive, robust, and label-efficient,

and they introduce concrete tools that advance brain–computer interfaces under realistic

clinical constraints. Looking forward, these ideas open avenues for future work that scales

representation learning to larger and more diverse datasets and evaluates them rigorously

in closed-loop settings, with the goal of capturing multiple sources of neural variability in a

data-driven manner and ultimately transforming insights gained from offline analysis into

reliable neural interfaces for restoring and enhancing human function.
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Parga. Dynamic control of response criterion in premotor cortex during perceptual

detection under temporal uncertainty. Neuron, 86(4):1067–1077, 2015.

[Ref48] Liam Paninski, Yashar Ahmadian, Daniel Gil Ferreira, Shinsuke Koyama, Kamiar

Rahnama Rad, Michael Vidne, Joshua Vogelstein, and Wei Wu. A new look at state-

space models for neural data. Journal of computational neuroscience, 29(1):107–126,

2010.

[Ref49] Jakob H Macke, Lars Buesing, John P Cunningham, Byron M Yu, Krishna V Shenoy,

and Maneesh Sahani. Empirical models of spiking in neural populations. Advances

in neural information processing systems, 24, 2011.

[Ref50] Jonathan C Kao, Paul Nuyujukian, Stephen I Ryu, Mark M Churchland, John P

Cunningham, and Krishna V Shenoy. Single-trial dynamics of motor cortex and their

applications to brain-machine interfaces. Nature communications, 6(1):1–12, 2015.

[Ref51] Yuanjun Gao, Evan W Archer, Liam Paninski, and John P Cunningham. Linear

dynamical neural population models through nonlinear embeddings. Advances in

neural information processing systems, 29, 2016.



124

[Ref52] Marine Schimel, Ta-Chu Kao, Kristopher T Jensen, and Guillaume Hennequin. ilqr-

vae: control-based learning of input-driven dynamics with applications to neural data.

bioRxiv, 2021.

[Ref53] Michael Nolan, Bijan Pesaran, Eli Shlizerman, and Amy Orsborn. Multi-block rnn

autoencoders enable broadband ecog signal reconstruction. bioRxiv, pages 2022–09,

2022.

[Ref54] Kun Su, Xiulong Liu, and Eli Shlizerman. Predict & cluster: Unsupervised skeleton

based action recognition. In Proceedings of the IEEE/CVF conference on computer

vision and pattern recognition, pages 9631–9640, 2020.

[Ref55] Stefano Recanatesi, Matthew Farrell, Madhu Advani, Timothy Moore, Guillaume

Lajoie, and Eric Shea-Brown. Dimensionality compression and expansion in deep

neural networks. arXiv preprint arXiv:1906.00443, 2019.

[Ref56] S Recanatesi, M Farrell, G Lajoie, S Deneve, M Rigotti, and E Shea-Brown. Predic-

tive learning as a network mechanism for extracting low-dimensional latent space

representations. nat commun 12: 1417, 2021.

[Ref57] Patrick T Sadtler, Kristin M Quick, Matthew D Golub, Steven M Chase, Stephen I

Ryu, Elizabeth C Tyler-Kabara, Byron M Yu, and Aaron P Batista. Neural constraints

on learning. Nature, 512(7515):423–426, 2014.

[Ref58] Gamaleldin F Elsayed, Antonio H Lara, Matthew T Kaufman, Mark M Churchland,

and John P Cunningham. Reorganization between preparatory and movement

population responses in motor cortex. Nature communications, 7(1):13239, 2016.

[Ref59] Juan A Gallego, Matthew G Perich, Lee E Miller, and Sara A Solla. Neural manifolds

for the control of movement. Neuron, 94(5):978–984, 2017.



125

[Ref60] Juan A Gallego, Matthew G Perich, Raeed H Chowdhury, Sara A Solla, and Lee E

Miller. Long-term stability of cortical population dynamics underlying consistent

behavior. Nature neuroscience, 23(2):260–270, 2020.

[Ref61] David M Brandman, Sydney S Cash, and Leigh R Hochberg. human intracortical

recording and neural decoding for brain–computer interfaces. IEEE Transactions on

Neural Systems and Rehabilitation Engineering, 25(10):1687–1696, 2017.

[Ref62] Leigh R Hochberg, Mijail D Serruya, Gerhard M Friehs, Jon A Mukand, Maryam

Saleh, Abraham H Caplan, Almut Branner, David Chen, Richard D Penn, and

John P Donoghue. Neuronal ensemble control of prosthetic devices by a human with

tetraplegia. Nature, 442(7099):164–171, 2006.

[Ref63] Leigh R Hochberg, Daniel Bacher, Beata Jarosiewicz, Nicolas Y Masse, John D

Simeral, Joern Vogel, Sami Haddadin, Jie Liu, Sydney S Cash, Patrick Van Der Smagt,

et al. Reach and grasp by people with tetraplegia using a neurally controlled robotic

arm. Nature, 485(7398):372–375, 2012.

[Ref64] Vikash Gilja, Paul Nuyujukian, Cindy A Chestek, John P Cunningham, Byron M Yu,

Joline M Fan, Mark M Churchland, Matthew T Kaufman, Jonathan C Kao, Stephen I

Ryu, et al. A high-performance neural prosthesis enabled by control algorithm design.

Nature neuroscience, 15(12):1752–1757, 2012.

[Ref65] Nicholas S Card, Maitreyee Wairagkar, Carrina Iacobacci, Xianda Hou, Tyler Singer-

Clark, Francis R Willett, Erin M Kunz, Chaofei Fan, Maryam Vahdati Nia, Darrel R

Deo, et al. An accurate and rapidly calibrating speech neuroprosthesis. New England

Journal of Medicine, 391(7):609–618, 2024.



126

[Ref66] Mostafa Safaie, Joanna C Chang, Junchol Park, Lee E Miller, Joshua T Dudman,

Matthew G Perich, and Juan A Gallego. Preserved neural dynamics across animals

performing similar behaviour. Nature, 623(7988):765–771, 2023.

[Ref67] Alan D Degenhart, William E Bishop, Emily R Oby, Elizabeth C Tyler-Kabara,

Steven M Chase, Aaron P Batista, and Byron M Yu. Stabilization of a brain–

computer interface via the alignment of low-dimensional spaces of neural activity.

Nature biomedical engineering, 4(7):672–685, 2020.

[Ref68] Eva L Dyer, Mohammad Gheshlaghi Azar, Matthew G Perich, Hugo L Fernandes,

Stephanie Naufel, Lee E Miller, and Konrad P Körding. A cryptography-based

approach for movement decoding. Nature biomedical engineering, 1(12):967–976,

2017.

[Ref69] Ali Farshchian, Juan A Gallego, Joseph P Cohen, Yoshua Bengio, Lee E Miller, and

Sara A Solla. Adversarial domain adaptation for stable brain-machine interfaces.

arXiv preprint arXiv:1810.00045, 2018.

[Ref70] Xuan Ma, Fabio Rizzoglio, Kevin L Bodkin, Eric Perreault, Lee E Miller, and Ann

Kennedy. Using adversarial networks to extend brain computer interface decoding

accuracy over time. elife, 12:e84296, 2023.

[Ref71] Brianna M Karpowicz, Yahia H Ali, Lahiru N Wimalasena, Andrew R Sedler,

Mohammad Reza Keshtkaran, Kevin Bodkin, Xuan Ma, Lee E Miller, and Chethan

Pandarinath. Stabilizing brain-computer interfaces through alignment of latent

dynamics. BioRxiv, pages 2022–04, 2022.

[Ref72] Chaofei Fan, Nick Hahn, Foram Kamdar, Donald Avansino, Guy Wilson, Leigh

Hochberg, Krishna V Shenoy, Jaimie Henderson, and Francis Willett. Plug-and-play

stability for intracortical brain-computer interfaces: a one-year demonstration of



127

seamless brain-to-text communication. Advances in neural information processing

systems, 36:42258–42270, 2023.

[Ref73] Ayesha Vermani, Il Memming Park, and Josue Nassar. Leveraging generative models

for unsupervised alignment of neural time series data. In The Twelfth International

Conference on Learning Representations, 2023.

[Ref74] Yule Wang, Zijing Wu, Chengrui Li, and Anqi Wu. Extraction and recovery of spatio-

temporal structure in latent dynamics alignment with diffusion models. Advances in

Neural Information Processing Systems, 36:38988–39005, 2023.

[Ref75] Alexey Dosovitskiy. An image is worth 16x16 words: Transformers for image recogni-

tion at scale. arXiv preprint arXiv:2010.11929, 2020.

[Ref76] Alexei Baevski, Yuhao Zhou, Abdelrahman Mohamed, and Michael Auli. wav2vec

2.0: A framework for self-supervised learning of speech representations. Advances in

neural information processing systems, 33:12449–12460, 2020.

[Ref77] Haoyi Zhou, Shanghang Zhang, Jieqi Peng, Shuai Zhang, Jianxin Li, Hui Xiong,

and Wancai Zhang. Informer: Beyond efficient transformer for long sequence time-

series forecasting. In Proceedings of the AAAI conference on artificial intelligence,

volume 35, pages 11106–11115, 2021.

[Ref78] Toan Q Nguyen and Julian Salazar. Transformers without tears: Improving the

normalization of self-attention. arXiv preprint arXiv:1910.05895, 2019.

[Ref79] Peter Shaw, Jakob Uszkoreit, and Ashish Vaswani. Self-attention with relative

position representations. arXiv preprint arXiv:1803.02155, 2018.



128

[Ref80] Jianlin Su, Murtadha Ahmed, Yu Lu, Shengfeng Pan, Wen Bo, and Yunfeng Liu.

Roformer: Enhanced transformer with rotary position embedding. Neurocomputing,

568:127063, 2024.

[Ref81] Tom B Brown. Language models are few-shot learners. arXiv preprint

arXiv:2005.14165, 2020.

[Ref82] Jason Wei, Xuezhi Wang, Dale Schuurmans, Maarten Bosma, Fei Xia, Ed Chi,

Quoc V Le, Denny Zhou, et al. Chain-of-thought prompting elicits reasoning in large

language models. Advances in neural information processing systems, 35:24824–24837,

2022.

[Ref83] Hugo Touvron, Thibaut Lavril, Gautier Izacard, Xavier Martinet, Marie-Anne

Lachaux, Timothée Lacroix, Baptiste Rozière, Naman Goyal, Eric Hambro, Faisal

Azhar, et al. Llama: Open and efficient foundation language models. arXiv preprint

arXiv:2302.13971, 2023.

[Ref84] Marius Mosbach, Tiago Pimentel, Shauli Ravfogel, Dietrich Klakow, and Yanai Elazar.

Few-shot fine-tuning vs. in-context learning: A fair comparison and evaluation. arXiv

preprint arXiv:2305.16938, 2023.

[Ref85] Manzil Zaheer, Satwik Kottur, Siamak Ravanbakhsh, Barnabas Poczos, Russ R

Salakhutdinov, and Alexander J Smola. Deep sets. Advances in neural information

processing systems, 30, 2017.

[Ref86] Charles R Qi, Hao Su, Kaichun Mo, and Leonidas J Guibas. Pointnet: Deep learning

on point sets for 3d classification and segmentation. In Proceedings of the IEEE

conference on computer vision and pattern recognition, pages 652–660, 2017.

[Ref87] Hengyuan Xu, Liyao Xiang, Hangyu Ye, Dixi Yao, Pengzhi Chu, and Baochun Li.

Permutation equivariance of transformers and its applications. In Proceedings of



129

the IEEE/CVF Conference on Computer Vision and Pattern Recognition, pages

5987–5996, 2024.

[Ref88] Juho Lee, Yoonho Lee, Jungtaek Kim, Adam Kosiorek, Seungjin Choi, and Yee Whye

Teh. Set transformer: A framework for attention-based permutation-invariant neural

networks. In International conference on machine learning, pages 3744–3753. PMLR,

2019.

[Ref89] Rafael Yuste. From the neuron doctrine to neural networks. Nature reviews neuro-

science, 16(8):487–497, 2015.

[Ref90] Krishna V Shenoy and Jonathan C Kao. Measurement, manipulation and modeling

of brain-wide neural population dynamics. Nature Communications, 12(1):1–5, 2021.

[Ref91] Beata Jarosiewicz, Anish A Sarma, Daniel Bacher, Nicolas Y Masse, John D Simeral,

Brittany Sorice, Erin M Oakley, Christine Blabe, Chethan Pandarinath, Vikash Gilja,

et al. Virtual typing by people with tetraplegia using a self-calibrating intracortical

brain-computer interface. Science translational medicine, 7(313):313ra179–313ra179,

2015.

[Ref92] Rafael Levi, Pablo Varona, Yuri I Arshavsky, Mikhail I Rabinovich, and Allen I

Selverston. The role of sensory network dynamics in generating a motor program.

Journal of Neuroscience, 25(42):9807–9815, 2005.

[Ref93] Miguel AL Nicolelis, Luiz A Baccala, Rick CS Lin, and John K Chapin. Sensori-

motor encoding by synchronous neural ensemble activity at multiple levels of the

somatosensory system. Science, 268(5215):1353–1358, 1995.

[Ref94] Eli Shlizerman, Konrad Schroder, and J Nathan Kutz. Neural activity measures and

their dynamics. SIAM Journal on Applied Mathematics, 72(4):1260–1291, 2012.



130

[Ref95] Mohammad Reza Keshtkaran, Andrew R Sedler, Raeed H Chowdhury, Raghav

Tandon, Diya Basrai, Sarah L Nguyen, Hansem Sohn, Mehrdad Jazayeri, Lee E

Miller, and Chethan Pandarinath. A large-scale neural network training framework

for generalized estimation of single-trial population dynamics. bioRxiv, 2021.

[Ref96] Feng Zhu, Andrew Sedler, Harrison A Grier, Nauman Ahad, Mark Davenport,

Matthew Kaufman, Andrea Giovannucci, and Chethan Pandarinath. Deep inference of

latent dynamics with spatio-temporal super-resolution using selective backpropagation

through time. Advances in Neural Information Processing Systems, 34, 2021.

[Ref97] Margaret Yvonne Mahan and Apostolos P Georgopoulos. Motor directional tuning

across brain areas: directional resonance and the role of inhibition for directional

accuracy. Frontiers in neural circuits, 7:92, 2013.

[Ref98] Adam Kohn, Ruben Coen-Cagli, Ingmar Kanitscheider, and Alexandre Pouget.

Correlations and neuronal population information. Annual review of neuroscience,

39:237–256, 2016.

[Ref99] Bruno B Averbeck, Peter E Latham, and Alexandre Pouget. Neural correlations,

population coding and computation. Nature reviews neuroscience, 7(5):358–366,

2006.

[Ref100] Felix Pei, Joel Ye, David Zoltowski, Anqi Wu, Raeed H Chowdhury, Hansem Sohn,

Joseph E O’Doherty, Krishna V Shenoy, Matthew T Kaufman, Mark Churchland,

et al. Neural latents benchmark’21: Evaluating latent variable models of neural

population activity. arXiv preprint arXiv:2109.04463, 2021.

[Ref101] Ran Liu, Mehdi Azabou, Max Dabagia, Chi-Heng Lin, Mohammad Gheshlaghi Azar,

Keith Hengen, Michal Valko, and Eva Dyer. Drop, swap, and generate: A self-



131

supervised approach for generating neural activity. Advances in Neural Information

Processing Systems, 34:10587–10599, 2021.

[Ref102] Darin Sleiter, Joshua Schoenfield, and Mike Vaiana. ae-nlb-2021. https://github.

com/agencyenterprise/ae-nlb-2021.git, 2021.

[Ref103] Sean Perkins. Mint: Mesh of idealized neural trajectories. https://github.com/

neurallatents/nlb_workshop/blob/main/MINT.pdf, 2022.

[Ref104] Joseph G Makin, Joseph E O’Doherty, Mariana MB Cardoso, and Philip N Sabes.

Superior arm-movement decoding from cortex with a new, unsupervised-learning

algorithm. Journal of neural engineering, 15(2):026010, 2018.

[Ref105] Raeed H Chowdhury, Joshua I Glaser, and Lee E Miller. Area 2 of primary

somatosensory cortex encodes kinematics of the whole arm. Elife, 9, 2020.

[Ref106] Mattia Rigotti, Omri Barak, Melissa R Warden, Xiao-Jing Wang, Nathaniel D Daw,

Earl K Miller, and Stefano Fusi. The importance of mixed selectivity in complex

cognitive tasks. Nature, 497(7451):585–590, 2013.

[Ref107] Hansem Sohn, Devika Narain, Nicolas Meirhaeghe, and Mehrdad Jazayeri. Bayesian

computation through cortical latent dynamics. Neuron, 103(5):934–947, 2019.

[Ref108] David Marr. Vision: A computational investigation into the human representation

and processing of visual information. MIT press, 2010.

[Ref109] Hannah Bos, Anne-Marie Oswald, and Brent Doiron. Untangling stability and

gain modulation in cortical circuits with multiple interneuron classes. bioRxiv, pages

2020–06, 2020.



132

[Ref110] Yuhan Helena Liu, Stephen Smith, Stefan Mihalas, Eric Shea-Brown, and Uy-
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