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Recent advances in neurotechnology have enabled the simultaneous recording of large-scale
neural activity and behavioral data, opening opportunities to elucidate the neural mecha-
nisms underlying behavior and to improve brain-computer interfaces (BCIs). Establishing
association between neural and behavioral recordings plays a pivotal role in accomplishing
these opportunities. However, both neural and behavioral recordings are inherently high-
dimensional, posing challenges to establish the association in a direct way. Alternatively,
projecting these high-dimensional recordings onto structured latent spaces can be effective in
identifying underlying neural and behavioral relationships and bridging the gap between the
two.

Algorithms that project neural and behavioral recordings onto lower-dimensional rep-
resentations have been proposed. For instance, latent variable models (LVMs) have been
introduced to transform neural data into interpretable low-dimensional representations for
analysis. While effective, these methods often overlook the sequential and causal properties
inherent in neural activity. Meanwhile, approaches for automatic behavior understanding
typically depend on extensive human annotation to achieve high precision. The annotation
procedure is often labor-intensive and subjective, limiting scalability and consistency. To
overcome these limitations, this thesis proposes approaches for a more biologically realistic

and efficient analysis of neural and behavioral recordings.



Specifically, we introduce a neural representation learning approach that explicitly in-
corporates temporal causality. In this framework, representation learning is formulated to
estimate future neural activity solely from its past. We additionally included a graphical
prior to model pairwise spatial interactions among neural recording channels. Experiments
on synthetic and actual neural datasets demonstrate that this method can enhance the
estimation of future neural dynamics, recover the underlying spatial interactions, and align
neural trajectories with behavioral states. In parallel, for efficient behavioral state discovery,
we develop an active learning-based, semi-supervised approach for behavioral state discovery
and classification, significantly reducing the annotation burden while maintaining high accu-
racy. As a result, we introduce OpenLabCluster, an open-source toolkit designed to identify
behavior categories across diverse species to democratize these behavioral techniques as a
convenient user interface. Finally, we propose algorithms to bridge neural representations
and behavioral states. With an application to brain-to-text decoding, we show enhanced
accuracy in decoding neural signals into phonemic and textual outputs by leveraging refined
behavioral states. This algorithm underscores the importance of using relevant and precise
behavioral states as additional guidance to enhance brain decoding fidelity.

Overall, these contributions facilitate the understanding of neural-behavior relationships
and improve the precision of brain-computer interfaces, potentially paving the way for neural

computation discovery and the development of high-performance BCls.
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Chapter 1
INTRODUCTION

1.1 Background

Understanding the neural mechanisms underlying behavior has long been a central goal in
neuroscience. Building on achievements in single-neuron recordings—exemplified by Adrian’s
pioneering work in 1928 [R [I]-—researchers have progressively advanced techniques that enable
large-scale neural recordings alongside simultaneous behavioral recordings to infer neural
mechanisms underlying behavior [R 2, [3].

To reach such goal, it is indispensable to identify relationships between neural and behav-
ioral recordings. This process typically involves (1) identifying the characteristic of neural
activity associated with specific behavioral states and (2) establishing the transformation
between neural activity and behavior. Despite availability of large-scale neural and behavioral
recordings, establishing their relationships remains a challenge [R 3]. This is primarily due
to the high dimensionality of both modalities. For example, neural activity recorded via
high-density electronic arrays is typically represented as multivariate time series as shown
in Fig. |1.1] (top left). While, behavioral data is typically captured as continuous video
streams (Fig. , top right). To address these challenges, researchers have been working
on three key aspects (Fig. : Neural Encoders, which transform neural recordings into
low-dimensional neural representations; Behavioral Encoders, which map behavioral data
into discrete behavioral states; and Neural Decoders, which translate neural activity into
behavioral states.

A widely adopted approach for Neural Encoders involves Latent Variable Models (LVMs)
[R 4, 5]. LVMs apply nonlinear transformations to neural signals, producing low-dimensional

latent representations. Original neural signals can be reconstructed from these representations
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Figure 1.1: High-level overview of learning neural representations (left) and behavior represen-
tations (right). Encoders transform recordings into corresponding latent representations. The
neural decoder decodes the information from the neural space into behaviors. The choices of
neural encoder, behavior encoder, and neural decoder are vital and could lead to different

neural representations, behavior representations, and behavior decoding performance.

[R 6] 7, 8]. Notably, reconstruction-based LVMs are typically non-causal; that is, the latent
representation at the time ¢ is derived from both preceding (¢, < t) and subsequent (t; > t)
neural signals. In contrast, biological neural systems operate under strict temporal constraints.
Neural activity at any given time t is determined exclusively by past and present neural states.
Therefore, utilizing only historical data for neural representation learning, such as forecasting,
is more aligned with the brain’s inherent temporal causality and may better reveal underlying
neural computations. While Neural Encoders are not usually consistent with biological

realism, Behavioral Encoders face challenges in recovering discrete behavioral states efficiently.



Most Behavioral Encoders rely on supervised learning, where classifiers categorize behavior
sequences into predefined states [R [9] 10, 11} [12]. However, achieving high precision requires
large volumes of annotated training data, making the process labor-intensive, time-consuming,
and subjective. Algorithms that can efficiently learn a behavior classifier with only sparse
annotated samples are required to perform large-scale neural-behavioral analysis effectively.

Additionally, the precision of identified behavioral states can further affect accuracy of
Neural Decoders. A key application of these decoders is brain-to-text decoding. In this
case, neural activity recorded from the motor cortex is transformed into discrete behavioral
states, represented as phonetic units [R 3], [14]. Such states are not guaranteed to capture
the complexities of the neural computation underlying behavior, such as the coarticulation
effect in neural representation [R 15, [16]. The misalignment in behavioral states and neural
representations limits the performance of these decoders. A more promising approach
would involve incorporating behavioral states at a finer temporal resolution to account for
coarticulation dynamics, potentially leading to improved decoding accuracy.

To overcome these limitations, this thesis introduces biologically plausible Neural En-
coders and efficient Behavioral Encoders designed to improve the representations of neural
and behavioral data. Additionally, it provides evidence demonstrating how high-temporal-
resolution discrete behavioral states enhance the accuracy of Neural Decoders, improving
brain-to-behavior mapping precision.

For Neural Encoding, we present a forecasting-oriented framework for neural represen-
tation learning that leverages spatiotemporal graphs to capture both spatial organization
and temporal evolution of neural recordings. In our framework, each recording channel is
modeled as a node in graphs, and inter-channel interactions are characterized by additive and
multiplicative adjacency matrices emulating established mechanisms of neural interaction [R
17, 18, 19, 20]. We validate the effectiveness of our approach using both synthetic datasets
and actual neural recordings from non-human primates. Our results demonstrate that the
proposed framework can (1) recover underlying neural interaction patterns, (2) generate

accurate predictions of future neural activities, and (3) align neural trajectories in latent



space that correspond to behavioral states.

To have an efficient and accurate Behavioral Encoding, this work proposes a semi-
supervised, skeleton-based action recognition method (AL-SAR) that incorporates active
learning principles. The approach synergistically combines the efficiency of unsupervised
representation learning with the precision of supervised classification trained on selectively
annotated samples. In particular, AL-SAR initially performs unsupervised representation
without requiring human input, learning mapping time-series keypoint data into a structured
latent space where behaviorally similar sequences naturally cluster together. Representative
sequences are then strategically selected for human annotation, maximizing information gain
while minimizing manual labeling. Extensive experiments on human datasets demonstrate
that the proposed method achieves promising behavior classification accuracy using only
sparsely annotated samples, yielding performance comparable to classifiers trained on fully
annotated datasets.

Extending the method to general animal species, we developed OpenLabCluster, an
open-source graphical interface in which behavioral clustering and classification stages are
embedded together to study animal behavior across species. Results on animal datasets,
including Home-Cage Mouse [R 9], Zebrafish [R 21I], and C. elegans [R 22], indicate that
OpenLabCluster is generalizable across species. Moreover, the open-source graphical interface
enables behavior annotation and classification without requiring programming expertise.

In order to improve Neural Decoding fidelity for brain-to-text decoding, we introduce a
novel framework that leverages diphone representations to integrate contextual information.
In this framework, diphones (adjacent phoneme pairs capturing coarticulation dynamics)
serve as the decoding targets, providing more affluent and precise contextual cues. Directly
decoding diphones can introduce computational challenges, as the number of potential class
combinations increases quadratically when moving from phonemes to diphones. To mitigate
this complexity, we implemented a divide-and-conquer strategy that efficiently decodes
diphone activities even with limited training data. When experimenting with Brain-to-Text

2024 Benchmark [R[13], a superior brain-to-phoneme decoding accuracy is observed leveraging



diphone and divide-and-conquer strategy, demonstrating the significance of incorporating
behavioral definitions aligned with neural representations for improved brain decoding accuracy.
Furthermore, we enhance the decoding pipeline with a three-stage language model integration.
Combining the divide-and-conquer strategy and the LLM enhancements, we demonstrate
significant improvement in brain-to-phoneme and brain-to-text decoding accuracy through

experiments.
1.2 Summary of Contributions

My doctoral research focuses on developing methodologies facilitating the study of neural
mechanisms that lead to complex overt behavior. The key contributions of this work span

three interconnected areas:

e We introduce a forecasting-oriented task that reimagines the modeling of neural dynamics
together with Additive, Multiplicative, and Adaptive Graph Neural Networks (AMAG)
to capture both the temporal evolution and spatial organization of neural activity. This
approach respects neural causality by forecasting future neural activities solely from the
history while explicitly modeling inter-neuronal interactions through learnable graph

structures [Jingyuan [I].

e We devise efficient methodologies for behavioral pattern discovery. By integrating active
learning strategies with unsupervised representation techniques [Jingyuan Q]EI, this work
significantly reduces the manual effort required for annotation, which is essential for

learning a behavior classification model, while maintaining high accuracy.
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e We further extend the work with the development of OpenLabCluster [Jingyuan [3],
a graphical user interface that enables annotation, classification, and detection of

behavioral patterns across diverse species [Jingyuan [4].

e A direct mapping from neural signals to observed behavior is established with a focus on
brain-to-speech decoding [Jingyuan [5]. By introducing diphone-based decoding targets
and integrating them with large language model pipelines, this approach addresses
the context dependency of articulatory neural representations, significantly improving

brain-to-text translation accuracy

These contributions collectively aim to approach neural-behavioral relationships and
advance practical brain—computer interface technologies byintroducing novel algorithms for
large-scale neural and behavior recordings analysis and enhancing neural-to-behavior decoding

accuracy through behaviorally aligned decoding targets.

1.3 Thesis Outline

The thesis includes seven chapters:

Chapter 2: Fundamental Concepts

This chapter introduces the essential background for the work, including neural data recording
techniques, behavioral recording methodologies, and the key machine learning approaches
employed throughout the thesis.

Chapter 3: Neural Representation Learning

Here, we outline the motivation for learning neural representations through a self-supervised,
forecasting-oriented approach. This chapter emphasizes the use of Graph Neural Networks to
capture the spatial relationships among neurons, reflecting the causal dynamics inherent in
neural activity.

Chapter 4: Behavioral Representation Learning

This chapter presents efficient methods for discovering and classifying behavioral patterns.

By integrating active learning with semi-supervised techniques, the proposed framework



significantly reduces the manual annotation burden while ensuring behavior recognition
accuracy.

Chapter 5: Graphical User Interface for Behavior Recognition

Extending the work of Chapter 4, this chapter details the development of an interactive
graphical user interface specifically designed for behavior recognition, with a particular focus
on animal behavior. The system democratizes advanced behavioral analysis by enabling users
to annotate, classify, and detect behavioral patterns.

Chapter 6: Neural Decoding and Brain-to-Text Conversion

In this chapter, we describe methods that bridge neural signals with behavioral outputs.
Focusing on speech production, We demonstrate how neural signals can be decoded into
representations relevant to articulatory activity and subsequently translated into text with
high accuracy. This work addresses challenges such as coarticulation and context dependency
in speech decoding.

Chapter 7: Conclusions and Contributions

The final chapter summarizes the key findings and contributions of the thesis, discussing the
implications of the developed methods for understanding neural computation and advancing

brain—computer interface technologies.



Chapter 2
FUNDAMENTAL CONCEPTS AND RELATED WORKS

This section provides an overview of the background and prior work on neural and
behavioral recordings for understanding the rationale behind the analytical methods developed
in this field. Additionally, we provide an overview of the approaches targeting neural
representation learning and behavior recognition. Since many of these methodologies are
grounded in machine learning (ML) and deep learning (DL) techniques, key ML and DL

basics are also reviewed at the end of the chapter.
2.1 Neural Recordings

A wide range of techniques is available for collecting signals from the brain to infer neuronal
activity. Each recording modality offers distinct advantages and limitations that affect
subsequent analysis and applications. In this section, we highlight two groups of recording

techniques: electrode-based and imaging-based.

Electrode Based Recordings. Electrode-based neural recording techniques can be cate-
gorized based on the number and configuration of electrodes. Single-electrode approaches,
such as depth electrodes [R 23], are designed to record neuronal activity in deep brain regions.
In most clinical and research applications, multiple depth electrodes are implanted parallelly
to form an array, allowing for broader spatial coverage. However, the spacing between these
electrodes is typically larger than that of high-density electrode arrays, such as laminar
electrodes [R 24], 25], the Utah array [R 26, 27], electrocorticography (ECoG) arrays [R 28],
and Neuropixels probes [R 29].

Laminar electrodes are designed to record neural activity across different cortical layers



within a single column, typically comprising 16-32 recording channels. Similarly, Neuropixels
probes capture layer-specific neural activity but at a significantly higher spatial resolution,
featuring approximately 1,000 recording sites, thereby enabling the simultaneous recording of
large-scale neuronal populations.

In contrast, the Utah array is a 3D grid of microelectrodes that penetrate the cortical
surface. However, unlike laminar electrodes or Neuropixels, it records activity primarily within
the same cortical layer rather than across layers. The Utah array, typically containing 96
electrodes, is optimized for capturing single-unit activity (SUA), multi-unit activity (MUA),
and local field potentials (LFPs) [R 30].

The electrocorticography (ECoG) array differs from both laminar and Utah arrays re-
garding invasiveness and signal resolution. Unlike the Utah array, ECoG electrodes do
not penetrate the cortex but are placed directly onto the brain surface, making them less
invasive. Consequently, while ECoG provides higher spatial resolution than non-invasive
techniques, it lacks the single-neuron resolution compare to Neuropixels, Utah arrays, and
laminar electrodes, as it records aggregated electrical activity from neuronal ensembles rather
than individual neurons.

When electrodes are placed outside the skull, the technique is known as electroencephalog-
raphy (EEG) [RBI]. EEG employs a multi-electrode array distributed across multiple brain
regions to capture whole-brain electrical activity. However, due to the extracranial placement
of electrodes, EEG signals represent the summed activity of large neural populations and are
susceptible to artifacts from muscle activity and environmental noise. Additionally, because
signals must pass through the skull, the spatial resolution of EEG is significantly lower than
that of invasive recording techniques, limiting its ability to localize neural events precisely.

The signals recorded using these recording techniques are continuous spatiotemporal
waveforms. A typical pre-processing step is to decompose these waveforms into distinct
frequency bands, including Delta (0.5-4 Hz), Theta (4-8 Hz), Gamma (8-12 Hz), Beta (13-30
Hz), and High Gamma (70-150 Hz), as distinct bands could correspond to different functions.

To study neural recordings at the single neuronal level resolution, researchers propose to
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examine neurons’ spike activity using spike sorting and thresholding techniques. As shown
in Fig (top left). The neural spike activity is a discrete representation of the initially
collected signal, which is less noisy with a sacrifice of some information contained in the

original signals.

Neural Imaging Techniques. In contrast to electrode arrays, calcium imaging captures
neural activity in the form of images. This technique leverages the pivotal role of calcium
ions in cellular processes—such as neurotransmitter release, muscle contraction, and gene
expression—to visualize neuronal activity in real-time. By using fluorescent indicators that
bind to calcium ions and emit light in response to changes in calcium concentration, calcium
imaging enables direct monitoring of neuronal activity [R 82, B3]. It can record activity across
multiple scales, from subcellular components to large neuronal populations. Calcium image
can achieve high spatial and temporal resolution [R 34, [35]. This section focuses on neural
imaging techniques and the corresponding modeling approaches.

Functional Magnetic Resonance Imaging (fMRI) is a non-invasive method for recording
brain activity with high spatial resolution. It indirectly infers neural activity by capturing
hemodynamic responses, specifically changes in blood flow and oxygenation [R [36]. This
approach relies on the premise that increased neural activity elicits a localized increase in
blood flow, which is then reflected in the fMRI signal. The resulting data are presented
in an image format with a typical spatial resolution of 3 to 4 millimeters, allowing precise
localization of brain activity to specific anatomical structures. However, due to its relatively
low temporal resolution—on the order of seconds—fMRI is less effective at capturing rapid

neuronal events [R 37].
2.2 Learning Neural Representation

The preceding section reviewed various techniques for collecting neural signals, which serve
as quantitative measures of brain state. However, deciphering neural mechanisms from these

recordings is challenging due to their high-dimensional spatiotemporal nature, complicating



11

human interpretation. As a result, numerous methods have been developed to embed neural
activity into more tractable, low-dimensional latent representations. In this section, we
focus on modeling approaches extracting latent representation from electrode-based neural
recordings.

Neural Representation Learning. Studying the latent representation of neural signals
provides insights into the computation performed in the brain [R 38]. The classical works
were proposed to recover latent representation with Gaussian Process [R 4, 39, [5] and linear
dynamical systems R 40}, 141} [42] 43, 44]. More recently, a series of nonlinear models have been
proposed, including Multi-Layer Perceptron (MLP) [R 45} 46, 47], RNNs [R [0, 48, 49, 50, 51,
Neural ODEs [R52], and Transformers [R 53] [54, [55] [56]. Latent representations of population
dynamics are often extracted while these models optimize a reconstruction objective, upon
which interpretable features emerge naturally [R 57, [58, 59]. Different optimization tasks
could lead to different embedding spaces. Forecasting task, which aims to predict future
activity based on past data, adhering to temporal causality constraints, could provide further
insight into neural representations that are closer to representations employed by the brain [R

60, 611, 62, [63].
2.3 Behavior Recordings

Behavior, as the substrate of neural population activity, can be recorded in various for-
mats—such as video recordings or anatomical keypoint sequence. This section describes how

these recordings are commonly obtained.

Source of Behavior Video Recordings. Video recordings provide a powerful means to
capture free-moving individuals in both indoor and outdoor settings. Widely used behavioral
benchmark datasets, such as Kinetics 400 [R [64], UCF101 R [65], and CMKT101 [R 64],
are typically provided in video format. However, these recordings often include significant
background noise, which can interfere with behavior analysis by introducing irrelevant

information.
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Source of Anatomical Keypoint Recordings. Anatomical keypoint recordings are
commonly acquired using marker-based systems that affix lightweight, non-intrusive markers
to specific anatomical landmarks. This approach minimizes interference with natural behavior,
provides precise estimates of body positions, and effectively filters out extraneous background
information.

An alternative to obtaining body keypoints via physical markers is to extract them directly
from raw video using markerless pose estimation algorithms. This automatic detection method
is advantageous because it eliminates the need for physical markers. Several open-source
packages offer markerless pose estimation with sufficient accuracy from general video recordings.
For instance, OpenPose [R [66] performs human pose estimation, while DeepLabCut [R 67, 6]
is designed for animal keypoint estimation. DeepLabCut includes an adaption of a pre-trained
model to the particular video and keypoints which allows it to perform animal pose estimation
across various species. Extensions and improvements of DeepLabCut, such as DeepLabCut
2+, enabling 3D pose estimation, better accuracy, and multi-animal pose estimation, have
been recently made available [R 69, [70]. Furthermore, additional approaches which address

animal pose estimation have been further developed [R [T}, [72] [73| [74), [75] [76] [77].

Behavior Recording During Speech Production. Speech production is a complex
behavior that requires the coordinated movement of the lips, tongue, laryngeal muscles, and
pharyngeal muscles to generate audible sound [R [78]. To capture these muscle movements,
researchers have devised various recording techniques, such as Electromagnetic Articulography
(EMA) which tracks tongue movements using marker coils attached to the tongue.[R [79, 0],
and magnetoencephalographic-compatible speech tracking systems [R [81], [82]. When these
orchestrated movements generatestructured, intelligible speech, the resulting acoustic signal
can be decomposed into fundamental phonetic units known as phonemes. For example, spoken
English comprises approximately 40 distinct phonemes. Consequently, for applications such
as brain-to-speech decoding, analyzing these high-level phonemic representations is often

more efficient than directly recording the precise muscular movements.
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2.4 Learning Behavior Semantics

This section introduces methodologies to extract behavioral semantics from video and anatom-

ical keypoints recordings.

Extracting Behavior Semantics from Video Recordings. Various research efforts
have been made toward raw video based automatic understanding of behavior. Particularly
with machine learning-based methods such as Multi-Fiber Network, Selfee, BehaveNet, and
uBAM [R 83|, [84] 85, [86] which leverage Convolution Neural Networks (CNN) architecture to
extract frame-wise features. Temporal structure could be included with Recurrent Neural
Networks (RNNs) [R 87, 88], Temporal Gaussian Mixture [R [89] or temporal CNN as in
SIPEC [R 90].

Extracting Behavior Semantics from body Skeleton Keypoints . Various skeleton-
based behavior recognition approaches have been proposed. These include supervised methods
which analyze behavior related physical statistics [R 011, [92] 93], deep learning with CNNs [R
941, 95, [96], RNNs and their variants [R 97, 08, [99], and Graph Convolutional Networks [R
100} 10T, 102, 103}, 104]. Unsupervised methods have been introduced as well. Such approaches
build a latent representation through learning to reconstruct input sequences with an encoder-
decoder network structure. The latent space of such networks is shown to self-organize into
clusters enabling a simple classifier such as K-Nearest Neighbour (KNN) to identify action
types [R[105, [106]. However, the KNN component still remains supervised and annotations are
necessary to identify actions. To avoid supervision and improve action recognition accuracy,
semi-supervised approaches have been proposed. These approaches learn the recognition task
by leveraging annotations from a randomly selected subset of samples. Examples include
methods such as ASSL [R [107], MS?L [R [108], SC3D [R[109]. These methods do not deal
with the selection of sequences for annotation and instead, assume a given random annotated
set. In applications, it is critical to optimize such a selection and to seek samples that are

more informative for learning actively. Such a selection would need to be achieved with AL
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methods.

2.5 Behavior Relevant Neural Representation Extraction and Decoding

Behavior-relevant neural representations can be extracted either through aligning neural and
behavioral representations in a shared latent space or decoding neural signals to behavior,

with decoding offering an efficient strategy for developing brain—computer interfaces.

Prototyped Behavior Decoding from Neural Signals. Neural signals have long been
used for behavior decoding. Traditional methods, such as linear regression and Kalman
filters, achieve reasonable accuracy when behavioral dynamics are confined to low-dimensional
spaces [R [110], 111, IT2]. More recently, deep learning models have demonstrated superior
performance in this domain [R [113] [1T14]. For example, POYO leverages transformer architec-
tures to integrate neural signals collected over multiple days, sessions, and subjects, enabling
large-scale behavior decoding with promising accuracy and generalizability [R [114]. To learn
both behavior-relevant and behavior-irrelevant representations, the Preferential Subspace
Identification (PSID) method introduces a two-stage training paradigm that disentangles
neural representations into a behavior-relevant subspace, which governs behavior generation,

and a behavior-irrelevant subspace that captures internal neural dynamics [R [62] [61].

Spoken Behavior Decoding from Neural Signals. FExtracting speech-relevant neural
signals offers a promising avenue for patients with movement impairments who cannot
produce expected speech. Early work in speech decoding focused on limited vocabulary sizes
[R [I15], 1T6], while subsequent efforts improved performance by decoding letters [R [117].
Other studies have explored phonemes as decoding targets [R 18| [16, 119, 13| 14]. However,
direct phoneme decoding is not optimal, as neural representations of phonemes can vary with

context [R [16].

Neural and Behavioral Representations Alignment Neural representation can be

learned jointly with behavior representation learning. For example, CEBRA employs nonlinear
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techniques to simultaneously extract and align neural and behavioral representations within a
shared latent space [R [58]. This joint learning paradigm not only deepens our understanding
of the neural-behavioral relationship but also enhances behavior decoding performance. When
these representations are well organized in latent space, neural activity can be used to retrieve
corresponding behavioral information—enabling applications such as generating behavior
videos from neural signals [R 120] or mapping neural trajectories to behavioral trajectories [R
121]. Continued advances in machine learning and large-scale neural and behavioral recording
techniques promise to further elucidate the link between neural and behavioral phenomena

R 3, 122).
2.6 Relevant Machine Learning Concepts

This section introduces basic machine learning concepts discussed in the following Chapters
as well as more advanced ones including Active Learning, Time-Series Forecasting, Graph

Neural Networks (GNNs) and Speech-to-Text Decoding.

Supervised Learning. Supervised learning entails training a model on human-annotated
labels—such as image or behavior class labels. The accuracy of the resulting classifier depends
significantly on factors including the model architecture, as well as the volume and quality of

the annotations provided.

Unsupervised Learning. Unsupervised learning, in contrast, trains models on data with-
out human-provided annotations. Typically, these models learn by reconstructing the original
input, enabling them to discover underlying structures. For time series data, unsupervised
models may be trained to predict future inputs—a task commonly referred to as forecasting.
Because these models operate without supervision, they learn to represent the input in a
compressed, low-dimensional space. Although these latent features are useful for reconstruc-
tion or forecasting, these latent features are not always optimal for downstream tasks such as

classification, which generally require supervised learning to achieve higher performance.
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Few-shots Learning. Few-shot learning methods propose to "metatrain” a base model
on auxiliary action classes, leveraging a large amount of annotated samples for these classes.
This training process aims to learn a set of general model parameters, enabling the base
model’s efficient adaptation to unseen classes not included in the auxiliary action classes.
This adaptation is achieved through further training on just a few examples of these unseen
classes, as discussed in previous works [R 123, [124] 125] 126]. For example, in the context of
action recognition, few-shot learning techniques for skeleton-based action recognition aim to
diminish the required number of annotations without compromising the accuracy of action

recognition.

Semi-supervised learning. The availability of auxiliary classes with abundant annotated
samples is not always guaranteed for supervised training. Additionally, the expectation
that auxiliary and unseen classes follow a similar data distribution poses a limitation on
the practicality of few-shot learning. Particularly for skeleton based action classification,
variability in data quality, style, the number of skeleton keypoints, and even subjects (e.g.,
human subjects vs. animal subjects) across different datasets can be significant. To address
scenarios where well-annotated auxiliary classes are unavailable, semi-supervised methods
have been proposed. In such cases, the model is trained by combining an unsupervised target
and a supervised target using partially annotated samples. This involves learning informative
representations for both labeled and unlabeled data. Notable examples of this approach in
skeleton-based action recognition include methods such as ASSL [R [107], MS?L [R [108], and
SC3D [R[109].

In-Context Learning. In-Context learning is often discussed in context of Large Language
Models (LLMs). LLMs pretrained on large corpora of texts exhibit the ability to learn new
tasks from context [R[127]. 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 [R 128 129]. While ICL typically underperforms a



17

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 inacessibility of proprietary LLMs [R 130].

Active Learning. Semi-supervised methods do not consider that not all annotated samples
contribute equally to the training of a classifier, and therefore, it is advantageous to select
for annotation the samples that dominantly represent their classes. Such selection could
improve the effectiveness of the classifier and at the same time minimize the number of
annotations needed for training. Active Learning (AL) algorithms [R 131, 132 [133] have
been established based on this principle and showed promising results when applied to image
classification tasks [R [134], 135, [136]. Indeed, a variety of AL selection strategies have been
developed. These include approaches based on principles of diversity [R [134], uncertainty [R
136, 137, 138], and model decision [R [139]. While AL is widely adopted for image data,
only a handful of studies have investigated the applicability of AL to sequential data that is
spatio-temporal [R 140} [14T] 142], and direct application of these methods show no superiority
over the random selection of samples. AL methods typically belong to three categories:
(i) sample synthesis, (ii) stream-based selective sampling, and (iii) pool-based sampling [R
131, (132, [143)].

Sample Synthesis Based AL. Sample synthesis is based on generating additional samples of
action sequences. These generated sequences are typically of lower quality, making them
challenging candidates for annotation [R [144].

Stream Based AL. Stream-based AL methods work with real data. The stream-based selection
considers one sample at a time, decides whether to annotate the sample at that time, and is
applicable in online learning scenarios [R [132]. Pool Based AL. Pool-based methods select
a set of samples at each stage and are therefore expected to be more efficient for applications
with a dataset already prepared.

Pool Based AL Criterion. Pool based AL methods are widely used in classical machine

learning techniques such as support vector machine and logistic regression. and take into
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consideration aspects such as diversity [R[145] [146] [147], and uncertainty (based on entropy [R
148], confidence estimation [R 149, and margin estimation [R[I50L I51]). The idea of enforcing
diversity or uncertainty for sample selection has been adapted to deep learning as well. For
example, diversity is incorporated by selecting a sample batch that covers the whole space
with a minimum covering radius for each sample [R [134]. Uncertainty metrics with deep
learning models are computed with techniques such as dropout [R[138] 148 [152], the ensemble
of models [R135], and image augmentation [R[136]. These techniques compute the prediction
entropy or the variance among ‘multiple-outputs’ for a sample. In many scenarios, it is
advantageous to consider both diversity and uncertainty [R [153], 154, [155], since diversity
reduces redundancy of selected samples and uncertainty focuses on samples where the model
is less confident. In addition to these methods, a new branch of deep learning pool-based AL
methods has been introduced, solving AL from a different aspect by learning a Discriminator
(DIS) where samples which DIS is least confident in are selected for annotation [R 139, [14T].
These methods rely on a network to learn the characteristics of unlabeled samples instead of
measuring the uncertainty or the diversity with hand-designed features as the aforementioned

approaches do.

Time-Series Forecasting. Time series forecasting, i.e., the prediction of the next values in
a time series, is a well-studied topic that encompasses various applications, such as traffic flow
forecasting, motion prediction, and electric load forecasting. Examples of proposed methods
include methods that are CNN-based [R [156] 157], RNN based [R 158, [159, [160], Multi-layer
perceptron [R[I61] and so on. Transformers with additional components for capturing long-
term dependencies have also been proposed for time series forecasting [R 162, 163, [72]. Also,
models such as Graph Neural Networks (GNNs) have been proposed for time series forecasting
focusing on datasets with inherent structural organization, e.g., traffic flow [R [164] 53] [165].
For example, these methods have been applied to functional Magnetic Resonance Imaging
(fMRI) forecasting [R [166] leveraging Diffusion Convolutional Recurrent Neural Network
(DCRNN) and Graph WaveNet [R 167, [168]. In these applications, GNN has been embedded
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in GRU gating mechanism to learn the spatial-temporal relationship (DCRNN) or CNN and
GNN have been proposed to be intertwined to perform spatial-temporal modeling (Graph
WaveNet). GraphS4mer, combining graph neural networks and structured state space models,
instead performs temporal embedding followed by spatial message-passing in a sequential
manner.[R [169]. These methods perform only the additive message-passing, which may not

be sufficient for a complex system such as the brain.

Graph Neural Networks (GINN). In recent years, GNNs have been proposed as plausible
models for analyzing brain activity across different modalities [R 170, 171, 172, 173]. In
non-invasive neural recordings, GNNs have been applied to EEG and fMRI data to capture
the relationships between different brain regions or features. For example, LGGNet learns
local-global-graph representations of EEG for various cognitive classification tasks [R [174],
and BrainGNN has been proposed to identify neurological biomarkers with GNN, leveraging
the topological and functional information of fMRI [R[I75]. Recently, the method has been
extended to analyze ECoG recordings as a graph diffusion process [R[I76]. A few applications
of GNNs to invasive neural measurements have been introduced, although these are less
ubiquitous than GNNs for other recording types. The Two-Stream GNN model, which has
been designed to classify anesthetized states based on ECoG recording by building two fixed
graphs, is a notable example of such a model [R [I77]. The first graph in this model is the
functional connectivity matrix computed from the phase lag index, and the second is the
dual version of the first one. The Two-Stream GNN is not suitable for forecasting since it

combines temporal signals into a unified vector as the model input.

Speech-to-Text Decoding. While brain-to-text and speech-to-text decoding share certain
similarities, decoding text from neural signals is a significantly more challenging task. A key
difference is that speech signals are univariate, while neural activity is multivariate as it is
recorded by multi-channel electrodes. Furthermore, neural signals are far more intricate. Less

is known about how neurons encode speech within their spiking activity, as well as the degree
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to which speech-relevant components can be extracted from the complex interaction of neural
population. However, brain-to-text decoding methods have drawn inspiration from speech-to-
text decoding research, commonly referred to as Automatic Speech Recognition (ASR). Earlier
studies [R 178, 179, [180] use Hidden Markov Models and Gaussian Mixture Models to decode
recorded speech signals into phonemes before translating into words. [R[181), [182] suggest that
using diphone or triphone could enhance the accuracy of ASR systems. Modern ASR systems
have transitioned to end-to-end learning approaches, directly decoding speech signals into
words [R [183], [184], 185] [186], [187]. These systems typically utilize Transformers [R [188] [189)
or hybrid architectures that combine Transformers with Convolutional Neural Networks [R
185]. A common attribute to end-to-end learning with Transformers based architectures is
that this type of learning requires large, multiple and diverse input-to-text datasets. Such
datasets are generally not available in the neuroscience domain. Recurrent Neural Networks
(RNNs) [R 190] decoders thereby have been traditionally more commonly implemented in
existing works that address decoding tasks that involve neural activity. We therefore, as in
prior works of brain-to-text decoding, adopt the two-stage system for brain-to-text decoding,

where phonemes serve as the intermediate decoding targets.
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Chapter 3

GRAPH NEURAL NETWORK FOR FORECASTING NEURON
ACTIVITY

This chapter is a reproduction of published work in [I] with adaptations to fit the thesis

structure and formatting.
3.1 DMotivation
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Figure 3.1: AMAG Overview. (A) The forecasting task and AMAG architecture with temporal
Encoding (TE), Spatial Interaction (SI), and Temporal Readout (TR) modules to address
the task. (B) Components of SI module.

Most deep neural network (DNN) architectures for neural data modeling—such as La-
tent Factor Analysis via Dynamical Systems (LFADS) and related methods—rely on a
reconstruction-based paradigm: they encode single-trial population activity into a low-
dimensional representation from which the original time series can be reconstructed [R
197), 192], 193]. Although these approaches capture latent manifolds effectively, they do not

explicitly account for causal aspects of neural dynamics.
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In contrast, forecasting future neural activity from past observations can provide in-
sights more closely aligned with the brain’s intrinsic temporal constraints [R [60} 61], 62 63].
Forecasting also offers practical benefits for real-time neural decoding in Brain—-Computer
Interface (BCI) applications—by predicting upcoming signals, systems can reduce latency and
potentially detect deviations from expected patterns (e.g., indicating equipment malfunctions
or changes in neuronal states) [R [194]. However, forecasting is inherently more demanding
than reconstruction, as it often requires larger datasets and is more sensitive to noise in the
recorded signals.

To address these challenges, we propose incorporating domain-specific priors into the
model design so that the learned representations emphasize generalizable features rather than
overfitting to noisy or limited training data. One key prior is the spatial interaction among
neurons, which can be modeled through additive processes [R [17, 18] and multiplicative
processes [R [19] 20], as in Hodgkin—-Huxley or Leaky Integrate-and-Fire frameworks. Other
network-level modeling efforts have explored probabilistic graphical models to learn neuron
interactions, though they often focus on capturing these interactions alone rather than using
them for forecasting tasks [R [195] 196, 197, 198, 199]. More recent approaches, including
Spatial Temporal Neural Data Transformer (STNDT) and Embedded Interaction Transformer
(EIT), use attention mechanisms to represent spatial relationships [R [54], 55, [162], while
Graph Neural Networks (GNNs) offer an alternative that is well suited for graph-structured
data [R 200].

Following this rationale, we develop a GNN-based method called AMAG (Additive,
Multiplicative, and Adaptive Graph Neural Network) to forecast neuron signals using sample-
dependent additive and multiplicative message-passing operations. As shown in Fig. (A),
AMAG consists of three modules: (1) Temporal Encoding (TE), which processes time
series from each electrode channel, (2) Spatial Interaction (SI), which captures inter-channel
relationships via additive and multiplicative updates, and (3) Temporal Readout (TR), which
outputs forecasts for future time steps. We validate AMAG on synthetic datasets, where it

accurately recovers ground-truth channel interactions, and on four real motor cortex recordings
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from rhesus macaques—two publicly available Utah array datasets and two large-scale micro-
electrocorticography (#ECoG) recordings. We compare AMAG to existing methods and to
ablated variants of our own approach. Overall, AMAG consistently outperforms other models
in forecasting accuracy while uncovering meaningful spatial relationships across electrode
channels.

Below is a summary of our main contributions:

e Modeling Spatiotemporal Relationships with AMAG. We introduce a GNN architecture
(Section that forecasts neural activity through additive and multiplicative message

passing, guided by a learnable adjacency matrix.

e Revealing Underlying Spatial Interactions. We demonstrate on synthetic data (Section
3.3.1) that AMAG not only achieves accurate forecasts but also uncovers the true

interaction patterns between channels.

e Predicting Future Neural Signals. We apply AMAG to four real neural datasets (Section
3.3.2)) and show that it reliably generates accurate predictions of future activity, recovers
spatial proximity in the adjacency matrix, and aligns neural trajectories in the latent

space.

3.2 Method

Our goal is to forecast future neural dynamics based on previously observed activity. Formally,
we seek a function fy such that X 1. r = fo(Xo4), where X € RT*N*D represents neural
signals recorded from N electrode channels over a time window of size T, with each channel
having D dimensional features. Here, X indicates the observed neural signals from 0 to ¢,
and X t+1:+++ represents model’s predictions for the interval ¢t + 1 to t + 7.

To learn fy(-), we formulate an optimization problem minimizing the loss £ between

predicted future signals X t+1:4+- and ground truth future signals X; 1., as follows

H}})H]EX L(fo(Xout) Xigriesr) |- (3.1)
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In particular, fy(-) is constructed from three sub-modules as shown in Fig. : Temporal
Encoding (TE) Module, Spatial Interaction (SI) Module, and Temporal Readout (TR)
Module. The TE module captures temporal features for each channel individually. Then SI
facilitates information exchange between channels, followed by TR to generate future neural

activities. Below, we describe the SI module in detail, followed by an overview of TE and TR.

3.2.1 SIwith Add and Modulator

We frame the SI module as a Graph Neural Network (GNN) operating on Graph G = (V, &, A),
where V denotes a set of nodes |[V| = N, € is a set of edges, and A € RV*¥ is the adjacency
matrix containing the weights of edges. The neighborhood of a node v is written as N (v),
where N (v) = {ulu € V, (u,v) € £}. We denote neural signal from channel v at time ¢
as Xt(”). In the notation that follows, F'C is a single layer neural network, M LP refers to
multilayer perceptron, and o(-) is the sigmoid function.

Motivated by known additive [R[17] and multiplicative [R [19, 20] neuronal interactions,
SI consists of two subgraphs—Add and Modulator—with distinct message-passing functions.
We also introduce a sample-dependent Adaptor to capture dynamic variability across different
input samples.

Add Module. The Add Module performs the additive interaction between channels

with the message-passing function M,(-), depending on the adjacency matrix A, € RV*V.

Assuming we have d dimensional channel features hﬁ’“) for node v at timestep ¢ (hﬁ”) e R?),
M, (-) updates h,E”) with the additive message from neighbor node u as /\/la(hgu), h§“), A,) =
A RM™  where u € N,(v). Such that the updated channel feature of Add Module is the
weighted feature of neighborhood,
af) = > AR, (3.2)
u€EN 4(v)
The element (u,v) in the adjacency matrix A, indicates the influence of channel u on v. Since

A, is shared for all the input sequences, while channel interaction can change across inputs,

we introduce a sample-dependent Adaptor Module. We treat A, as a fundamental adjacency
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matrix, and then we further learn a sample-dependent Adaptor as a matrix S € RV to
uniquely modulate A, depending on each sample. Then, the shared message-passing function
Eq. becomes a sample-dependent message-passing function Eq. [3.3]

af) = > S AEIRY. (3.3)

uEN ¢ (v)

S(v) yepresents interaction strength between channel u and v relying on temporal embeddings
for each channel, e.g., H® = [h{"), ... h{")] where t is the context window for future neural
signal generation. Specifically, we compute S™*) as o(MLP([H™, H")])), such that S(“*)
ranges from 0 to 1, similar to matrix construction for learning interpretable GNNs [R [201].

Since the fundamental adjacency matrix for the Add Module is unknown, A, needs to be
learned during the optimization of the model parameters. We observe that direct learning of
A, from random initialization could make the training process unstable and thus instead,
we initialize the A, with the precomputed correlation matrix from the neural recordings to
stabilize the learning process.

Modulator Module. The Modulator Module is the multiplicative message-passing
operator, with function M,,(-). We incorporate the adjacency matrix A,, € R™¥ to encode
the neighborhood information that performs a multiplicative operation. M,, () indicates how
the feature of the neighborhood modulates the target node feature, which can be expressed
as Mm(h,iu’, hiv), A, = AQ;’”)hE“) ® hiv), where © represents Hadamard product. The
Modulator Module includes all the multiplicative information from the neighbors to update

feature for target channel u at time ¢ as m§“)

m” = Y Mu(h”, k), A,) (3.4)
UEN p, (V)
Similarly to the adjacency matrix for the Add Module, the adjacency matrix in the Modulator

Module is also trainable and is initialized from the correlation matrix.

In summary, at a specific timestep ¢, the output of SI is

2V = 8,0 4 By FC(al™) + B FC(mY), (3.5)
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with 1, B2, and (5 controlling the contributions of the self-connection, Add Module, and

Modulator Module respectively.

3.2.2  Temporal Processing with TE and TR Modules

TE and TR perform temporal encoding and decoding. In particular, TE embeds input
neural signals X € R7*P from channel v into the embedding space H") € RT*4. For
multi-step forecasting, we mask neural signals after the context window ¢ with constant, i.e.,
X E? — constant. Then SI updates representation of channel v as Z™ € RT*? followed
by TR generating future neuron activity X EUT) taking Z® as inputs. TE and TR can be
Transformer or GRU. Since Recurrent Neural Networks (RNN) are common in modeling
continuous time-series signals, we employ a variant of RNN, Gated Recurrent Unit (GRU) [R
159], to facilitate the temporal encoding (TE) and readout (TR) modules. The TE module
consists of a single-layer GRU that takes input from channel v and computes the corresponding
temporal embedding features hﬁ”’ € R? for each step t. These embedding features capture
the underlying temporal dynamics of neural activity. To enable the exchange of information
between the target channel v and its neighboring channels IN (v), specified by the adjacency
matrices A, and A,,, the spatial interaction (SI) module updates the embedding features.
This interaction among channels allows for modeling of spatial dependencies.

The TR module consists of a single-layer GRU and a fully connected (F'C) layer. The
module generates future neural signals. This pipeline of TE, SI and TR modules is shown

below
h" = GRUr(X”, h{")), Ry’ =0
2" = SI(h" {h"Ju € N(v)}, A, Ay)
rg”) = GRUTR(ZEU)7 7"@1)
X = FO(r")

Parameter Learning. In summary, AMAG implents fp by subsequently applying TE,

SI, and TR on the past neural signals. The optimal parameters ¢ are obtained through
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backpropagation minimizing the Mean Squared Error (MSE) loss,
L=Ex(|Xer— Xer|,)- (3.6)
3.3 Results

3.8.1 Learning The Adjacency Matriz of a Synthetic Dataset

Synthetic Dataset. T o explore the ability of AMAG to capture channel interactions, we
generate synthetic datasets using linear non-Gaussian dynamic systems similar to previous
work [R 202} 203, 204]. Specifically, with adjacency matrix A describing the spatial interac-
tions among variables (channels), datasets X are generated recursively at each time step as
X, =X, 1+G(X1,A) + p, where p is uniformly distributed noise term. We consider two
scenarios where the connection ratio of the adjacency matrix is 0.2 and 0.5, respectively. The
resulting datasets consist of multichannel time series, where the value of each channel at a
given time step depends on its past and its neighboring channels, as defined by the adjacency
matrix.

Adjacency Matrix Recovery with AMAG. We investigate AMAG’s ability to recover
the ground-truth adjacency matrix under different training tasks: one-step forecasting, multi-
step forecasting, reconstruction, and masked input reconstruction. Specifically, we incorporate
these supplementary tasks alongside forecasting to examine how they affect adjacency recovery.
. For a synthetic dataset with 20 channels, we visualize both the learned and ground-truth
adjacency matrices in Fig[3.2]

To quantify adjacency recovery accuracy, we employ the F1 Score as a quantitative metric
measuring the harmonic mean between precision and recall. Our results show that the
one-step forecasting task achieves the highest recovery of ground truth edges (F'1 = 0.88
at 0.5 connection ratio), followed by the multi-step forecasting task (F'1 = 0.82). This
is compared to the reconstruction task which yields a lower F'1 score of 0.63. The lower
performance of reconstruction tasks could be due to the model’s access to future signals,

which potentially alleviates the need to learn the interactions with neighbors that future
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signals rely on. While multi-step forecasting generates multiple future signals, some adjacency
matrices may generate more accurate signals than others at a given moment, but considering
all future moments collectively, different adjacency matrices may achieve similar performance,

resulting in learned adjacency matrices being less accurate than one-step forecasting.

Reconstruction

Reconstruction with Mask Multi-step Forecasting One-step Forecasting Ground Truth

Connection Ratio: 0.2
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Figure 3.2: Colormap visualization of AMAG learned adjacency matrices arranged by F1
score (right better), with yellow indicating Ground Truth recovery while gree-blue indicating
lower accuracy, as reconstruction task (first column), reconstruction of masked input task
(second column), multi-step forecasting (third column) and one-step forecasting task (fourth
column), alongside ground truth adjacency matrices generating synthetic data (last column),

demonstrating AMAG’s ability to recover the underlying spatial interactions doing forecasting

tasks.

3.3.2  Ewvaluation on Forecasting with Neural Signals

Dataset and Preprocessing In this study, we recorded neural signals from two mon-
keys—Affogato (A) and Beignet (B)—each implanted with a pECoG array in their motor

cortices. These arrays spanned five subregions (Primary Motor Cortex (M1), Premotor
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Cortex, Frontal Eye Field (FEF), Supplementary Motor Area (SMA), and Dorsolateral
Prefrontal Cortex (DLPFC)) and included 239 functioning electrodes, as described in [R
205]. During data collection, the monkeys performed a center-out reaching task toward one
of eight possible directions. All procedures were approved by the University of Washington
Institutional Animal Care and Use Committee. For the experiments described below, we used
all electrode channels from Monkey A and only the M1 channels from Monkey B. During data
collection, the subjects performed a reaching task towards one of eight different directions.
The subject’s hand position was tracked in real-time using a marker-based camera system
(Optitrak) and mapped to control the position of a cursor with which they performed the
point-to-point movements. The collected neural signals can be segmented into trials based on
the stage of the behavioral task. Within each trial, the subjects were trained first to reach the
center target, followed by the appearance of the surrounding target. Subsequently, a delay
period ranging from approximately 50ms to 150ms was introduced. After the delay period,
the subjects moved from the center target to the surrounding target. A trial is considered
successful if the subjects successfully reach the surrounding target, resulting in a reward. For
our study, we include the neural signals recorded during the 600ms following the appearance of
the surrounding target as our samples. Specifically, we treat the first 150ms of neural signals
as a preparatory context for forecasting the future 450ms of neural signals. Consequently,
trials with a duration shorter than 600ms after the appearance of the surrounding target
are excluded from the study. In our study, we use data collected from monkeys A and B
across 13 different sessions. These sessions are combined to form a comprehensive dataset for
analysis. The dataset is split into 80% for training, 10% for validation, and 10% for testing.
Specifically, dataset A contains 985 training samples, 122 validation, and 122 testing samples,
while dataset B contains 700 training samples, 87 validation samples, and 87 testing samples.

We further evaluated AMAG on two publicly available datasets recorded with Utah arrays
in the M1 region of Monkey Mihili (M) and Monkey Chewie (C), both performing a similar
reaching task [R 206, 207]. These M and C datasets provide Local Motor Potential (LMP)

and power band activity covering eight frequency ranges (0.5-4 Hz, 4-8 Hz, 8-12 Hz, 12-25
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Hz, 25-50 Hz, 50-100 Hz, 100-200 Hz, and 200-400 Hz), downsampled to 30 ms intervals. In
contrast, the A and B signals were originally sampled at 25 kHz, so we applied a preprocessing
pipeline to extract LMP and identical power band features [R 208] 209], thereby expanding
the dimensionality of the recorded signals. For all four datasets, each reaching attempt was
treated as an individual trial. In the M and C datasets, we aligned trials to movement onset,
incorporating 300 ms before and 450 ms after onset. For A and B, we aligned trials to the
appearance of the peripheral target and included 600 ms after that event. Similarly, we split
the datasets into 80% training data, 10% validation data, and 10% test data, collected in 6
sessions for Monkey C and 7 sessions for Monkey M. The number of training, validation and
testing samples for Monkey C is 1285, 160, and 160, respectively. For dataset M, we have
1023 training samples, 127 validation, and 127 testing samples. All the trials have at least
450ms after the target onset.

Benchmark Methods We compare AMAG with existing approaches, including variants
of RNNs, and Transformers. Specifically, for one-step forecasting, we evaluate the following

methods:

e LRNN, RNN model without a non-linear activation function and gating mechanism [R

2101;
e RNNf, RNN model with non-linear activation and gating mechanism [R [50, 56];
e LFADS, RNN based model with pre-computed initial states [R [192].

e NDT, a decoder based transformer in temporal domain to estimate neural firing rate

[R8];

e STNDT, a model that is similar to NDT with additional attention based spatial

interaction between neurons [R [54];

e TERN, a model that includes the GRU for encoding and temporal Transformer for
decoding [R 50, 56].
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e RNN PSID, RNN based model with 2-stage training for learning behavior-related
neural space and behavior-unrelated neural space combined to ensure accurate future
forecasting accuracy [R [62]; Notably, we exclude RNN PSID [R [62] from multi-step
forecasting comparisons since learning behavior-related neural space in the first stage
of RNN PSID requires access to all the previous steps at a given moment, which is
not available in a multi-step forecasting scenario. In addition, we compare AMAG
with GNN-based models. In particular, GWNet: A model which intertwines CNN
and GNN for spatial interaction with a learnable adjacency matrix [R [167], DCRNN:
embedded GNN in each GRU processing step using the predefined adjacency matrix [R
168], GraphSimer: Sequential learning of temporal embedding and spatial interaction
with time-dependent adjacency matrices [R [169]. For GraphS4mer we consider two
variants, GRU based temporal learning (GS4-G) and state space model based temporal
learning (GS4-S). Both GraphS4mer variants are excluded from one-step forecasting
comparisons due to their dynamic graph learning design, which increases computational

complexity and is unnecessary for single-step predictions.

Experiment Setup. For all four datasets, we generate future neural signals using a minimum
of five context steps, corresponding to a 150ms time window. For one-step prediction, we
employ a GRU architecture for both TE and TR. For multi-step prediction, we utilize
Transformers for TE and TR. All models are trained using the Adam optimizer on a Titan
X GPU. The initial learning rates are set to le — 4 for non-GNN methods and 5e — 4 for
GNN-based methods. We evaluate performance using three key metrics: (1) R-squared (R?)
measures the proportion of variance in the future neuron recordings that the forecasted signal
can explain. (2) Correlation (Corr) focuses on the matching of the trend of the ground
truth signal and the forecasted signal. (3) Mean squared error (M SE) measures the L2
distance of the forecasted signal to the ground truth neuron signal. In detail, to optimize the
performance of models, we conducted a hyperparameter search by exploring different values

for the learning rate, hidden size, and weight decay. Specifically, we considered learning
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rates of 1072, 5 x 107%, and 10~*, hidden sizes of 64, 128, 512, 1024, and 2048, and weight
decay values of 0, 107%, 107°, 1075, and 10~". We used the Adam optimizer to update the
model parameters during training. We evaluate the model performance in terms of the R?,
correlation coefficient (Corr), and mean squared error (M SE) metrics on the validation set
every 10 training epochs. The reported values in the tables of the main paper represent the
testing set performance over the course of 500 epochs for most cases when the validation
set achieves best performance. However, for the one-step forecasting task using the AMAG
model and the STNDT-based models for both one-step and multi-step forecasting, we trained

the models for 1000 epochs to ensure sufficient convergence and performance evaluation.

(A1) (A.2) ) ) (B)
ocrnn One-step Forecasting DCRAN Multi-step Forecasting NDT R? vs Scaling

~— GWNET ——— GWNET
— AMAG
=== GT

w decay
Y w/o decay *

*

64 128 256 1024 2048 4056

Attention Dimension

Figure 3.3: Panel A: Examples of predicted neuron trajectory for one-step (A.1) and multi-
step (A.2) with representative methods DCRNN (orange), GWNet (green), Graphs4mer
(purple), and AMAG (red). Ground Truth (GT) trajectories are shown in dashed blue. Panel
B: Evaluation of the effect of attention dimension on NDT performance, with weight decay
(w decay) in orange triangles, without weight decay (w/o decay) in purple circles. The larger

size of the marker reflects the larger size of the model.

Forecasting Performance. We evaluate the performance AMAG to forecast future neural
activities and present the results in Table [3.1] and Table for one-step and multi-step
forecasting, respectively. The standard deviation is obtained from three runs. Compared
with the best non-GNN methods, AMAG improves the R? score by 8.2%, 5.0%, 5.7%, and
5.0% on Monkey M, C, B, and A datasets, respectively in Table |3.1l Transformer only
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Table 3.1: One-step forecasting results on Monkey M, C, B, and A with benchmark
methods and AMAG.

Monkey M Monkey C Monkey B Monkey A
R*t Corr 1 MSE | R*? Corr t MSE | R*t Corr t MSE | R*t Corr MSE |

STNDT [RIE4] 0.778+4e-4  0.883+4e-4  0.0333+le-4  0.860+3e-3  0.928+1e-3 0.011142e-4  0.857+2e-3  0.932+8e-4  0.0089+2¢-4 0.879+1e-3  0.939+7e-4  0.0074£T7e-5

NDT [RE] 0.837+£2e-3  0.91542e-3  0.029242e-3  0.908+4e-4  0.953+1e-4 0.007443e-5  0.897+3e-4  0.950£le-4  0.0058+2e-5 0.924+6e-4  0.962+2e-4  0.0046+4e-5
LFADS [R[192] 0.847£3e-4  0.92242e-4  0.0274%8e-5  0.905%T7e-4  0.953+2e-4 0.007443e-5  0.846+1le-d  0.923%le-4  0.0088+9e-5 0.903+7e-4  0.951+2e-4  0.0060£5e-5
RNNf [R[56) 0.823+2e-4  0.91141e-4  0.025044e-5  0.8864Te-4  0.943+3e-4 0.0091£5e-5  0.909£6e-4  0.954£2e-4  0.0052+4e-5 0.926+7c-4  0.963+2e-4  0.0045+4e-5

RNN PSID [R[6Z] 0.883+1e-4  0.940+1e-4  0.0108+2e-5  0.9154+3e-4  0.957+6e-5 0.00714+2e-5  0.915+Te-4  0.957+3e-4  0.0048+5e-5 0.908+3e-4  0.953+4e-4  0.0049+£1e-5
LRNN [RIZI0] 0.879£7e-4  0.937+4e-4  0.0137£7e-5  0.91642e-4  0.957+Te-5 0.0067+1e-5  0.916+8e-4  0.957+4e-4  0.0047+4e-5 0.927£3e-4  0.963+£8e-5  0.0045+2e-5
TERN [R 0.866£7e-4  0.93244e-4  0.0247+3e-4  0.920+9e-4  0.960%2e-4 0.00624+4e-5  0.888+1e-3  0.945£7e-4  0.0067+2e-4 0.929+4e-4  0.964+2e-4  0.0043£2e-5

DCRNN [RIGS]  0.956+3e-3  0.978+1e-3  0.0190+3e-4  0.96543e-3  0.98342e-3 0.0026+3e-4  0.964+1e-4  0.982+48e-5  0.0020+4e-6 0.977+2¢-3  0.988+8e-4  0.0014:+1e-4
GWNet [R[IG7] 0.971+5e-4 0.986+4e-4 0.0176+t6e-4 0.9851+3e-4 0.992+le-4 0.0012+2e-5 0.942+2e-3  0.971+le-3  0.0033%1e-4 0.949+2e-3  0.974£1e-3  0.0031+1e-4
AMAG 0.965f1e-3  0.982+1e-3  0.0209f1e-3  0.972+1e-3  0.986+6e-4 0.00214+8e-5  0.973+2e-3 0.986+1e-3 0.0015+le-4 0.979+7e-4 0.990+4e-4 0.0013+4e-5

Table 3.2: Multi-step forecasting results on Monkey M, C, B, and A with benchmark
methods and AMAG.

Monkey M Monkey C Monkey B Monkey A
Rt Corr 1 MSE | R*1 Corr 1 MSE | Rt Corr 1 MSE | Rt Corr MSE |

LFADS [R[192] 0.233+4e-3  0.485+3e-3  0.0780+4e-4 0.51443e-3  0.72542e-3  0.038742e-4  0.427+4e-3  0.672+6e-3  0.0338+4e-4  0.731£2e-3  0.855+1e-3  0.0164+1e-4
STNDT [R[54]  0.22743e-3  0.480+4e-3  0.0780-+de-4 0.518+1e-3  0.720+5e-4  0.038742e-4  0.525+4e-3  0.72542¢-3  0.0288+2e-4  0.726+9¢-3  0.852+6¢-3  0.0167+6c-4
LRNN [RI210) 0.250£3e-3  0.500+2e-3  0.0757+1e-4 0.483%4e-3  0.697+2e-3  0.041642e-4  0.507£6e-3  0.725+1e-3  0.0286+4e-4  0.696+6e-4  0.833f+1e-3  0.0187+£3e-5

RNNf [R56] 0.269+6e-3  0.515+4e-3  0.0746+4c-4 0.51749e-3  0.725+4e-3  0.038247e-4  0.472+9e-3  0.694+6e-3  0.031445e-4  0.733+2e-3  0.856+8¢-4  0.0163+1c-4
TERN [R[56] 0.257£6e-3  0.510+4e-3  0.0729£6e-4 0.548+5e-3  0.746+6e-3  0.0358%5e-4  0.559+3e-3  0.75242e-3  0.0265+2e-4  0.746+1e-3  0.865%4e-4  0.0154+8e-5
NDT [RI8] 0.287+3e-3  0.528+3e-3  0.0723+3e-4 0.565+2e-3  0.752+1e-3  0.0348%+1e-4  0.575+4e-3  0.773+3e-3  0.0250+2e-4  0.756+3e-3  0.873+1e-3  0.0149+2e-4

GWNet [RIIG7] 0.27248e-3  0.524+1e2  0.0721+8e-4 0.60644e-3  0.779+3e-3  0.030944e-4  0.588+2e-3  0.769+2¢-3  0.0242+4e-4  0.724+1e-3  0.85142e-4  0.0168+9¢-5
GS4-S [R[I69) 0.181£7e-3  0.4634+2e-3  0.0792+7e-4
GS4-G [RII69)  0.26843¢-3  0.530+3c-3  0.0730+1e-4 0.586%£7e-3  0.76944e-3  0.0322+6e-4  0.659+3e-3  0.812+3¢-3  0.0194+1e-4  0.753+8¢-4  0.86946e-4  0.0149+5¢-5
DCRNN [R[IG8] 0.28843e-3  0.545+4e-3  0.0707+7e-4 0.606+2e-3  0.782+2e-3  0.030242e-4  0.635%4e-3  0.797+2e-3  0.0208+3e-4  0.756+2e-3  0.8704+9e-4  0.0148+1e-4
AMAG 0.331+4e-3 0.575+8e-4 0.0694+4e-4 0.657+2e-3 0.811+2e-3 0.0266+2e-4 0.665+2e-3 0.817+le-3 0.0192+3e-4 0.763+4e-3 0.874+2e-3 0.0144+2e-4

3e-3  0.749£3e-3  0.035043e-4  0.600£7e-3  0.782+1e-3  0.0236+3e-4  0.74045e-3  0.86143e-3  0.0158+3e-4

methods, STNDT [R [54] and NDT [R 8] achieve less optimal performance on four datasets.
For instance, on Monkey M, the R? score is 0.883 for the best RNN based methods (RNN
PSID) and 0.837 for the best Transformer based method (NDT). This could be due to the
fact that the neural signals are continuous and future signals are primarily dependent on
nearby precedents, which fits the RNN use cases better. Consequently, the advantage of

the Transformer encoding long-term dependency may not be as prominent in this context.

AMAG shows

While Graph methods achieve comparable performance as shown in Table

consistent performance over four datasets, compared to GWNet which has variable accuracy
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Figure 3.4: (A): Performance evaluation of masking channels from High (H), Mid-high
(M-H), Mid-low (M-L), and Low (L) groups categorized by weight of learned adjacency
matrix, showing the importance of high weight channel for forecasting performance. (B):
Visualization of interaction strength of target channel to the reaming channels arranged
according to spatial proximity in micro-ECoG array. (C): Examples of neural population

trajectories in 2-dimensional PCA space projected from original neuron recording (left) and

hidden embedding of AMAG (right).

on different datasets. Similar trends can be observed in multi-step forecasting results. As in
Table (3.2 Graph-based methods, including AMAG, demonstrate better learning of future
neural dynamics, highlighting the potential of GNNs in this task. GS4-G performs better
than GS4-S on all four datasets, indicating that GRU based temporal encoding could be
more suitable for neural signal forecasting. We find that AMAG is more optimal by almost
10% in R?* on Monkey C and B when compared with non-GNN methods. Other GNN
based methods, such as DCRNN, perform well, but AMAG exhibits additional improvement.
For example, on Monkey C, AMAG achieves R? score of 0.657, whereas DCRNN achieves
around 0.606. Another advantage of AMAG is that it dynamically learns the pruning of
unnecessary edges in the adjacency matrix, while DCRNN and variants of GraphS4mer

rely on a predetermined correlation matrix to define the connected edges which is typically
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required to be sparse for optimal performance and handcrafted sparsification is needed. Thus,
we prune the DCRNN, and GraphS4mer variants with K-Nearest Neighbour (KNN) pruning
as mentioned in GraphS4mer such that each neuron is connected to half of the other neurons.
Threshold pruning can be an alternative method for DCRNN, but we find that it is not
optimal as the R? on Monkey C is equal to 0.573 and 0.445 for similarity thresholds of 0.5
and 0.8, respectively. These are lower than R? of 0.606 obtained with the KNN pruning.

In Fig. [3.3) we visualize the forecasted trajectory of the strongest baselines: DCRNN,
GWNET, GS4-G, and AMAG. AMAG exhibits a higher closeness to the ground-truth signal
(highlighted by black circles). This is consistent with behavior decoding from forecasted
signals. Specifically, a linear behavior decoder is trained on ground truth neural and behavior
signals (Monkey C). Then, the same decoder is used to decode behavior from AMAG and
other GNN based baselines forecasted signals. Specifically, with the forecasted signals from
the strongest baseline, we get decoding performance in terms of R? as follows: 0.350 (GS4-G),
0.350 (DCRNN), 0.440 (GWNet), 0.555 (AMAG), compared to 0.656 when using ground truth
neural signals, demonstrating that AMAG achieves the best behavior decoding performance
(0.555) compared to other GNN based methods regardless of a gap compared to using ground
truth signal. Overall, the results demonstrate the advantage of AMAG over other methods
and highlight the significance of utilizing GNN based methods for forecasting neuronal signals.
Investigating Adjacency Matrix Learned by AMAG. We hypothesize that the learned
adjacency matrix in AMAG reflects interaction strength between channels, with channels
exhibiting higher interaction strength playing a crucial role in forecasting. To test this
hypothesis, we group channels into four categories—High (H), Mid-High (M-H), Mid-Low
(M-L), and Low (L)—based on connection strength in A,. The importance of each group
is evaluated by measuring the performance drop in AMAG when channels in that group
are masked. To assess the generality of channel importance, we apply the same procedure
to NDT. The forecasting performance (R?) of NDT and AMAG with masked channels as
input are shown in Fig. (A). In both models, masking channels consistently degrades

performance, with the most significant drop occurring when channels in the H group are
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Table 3.3: Behavior Performance Comparison of Ground Truth (GT) and Graph-Based
Methods.

GT GraphS4mer DCRNN GWNet AMAG
R?1 0.656 0.350 0.440 0.453 0.555

masked. This confirms our assumption that the weights learned in adjacency matrices provide
meaningful insights into channel importance. Additionally, we investigate the relationship
between learned weights and channel proximity. Figure (B) illustrates the projection of
the interaction strength of a target channel (T) onto other channels in the space organized
by the pECoG arrangement. We observe that target channels exhibit stronger interactions
with surrounding channels, which aligns with the properties of pECoG arrays. These findings
collectively demonstrate that the learned adjacency matrix effectively identifies important
channels, and the interaction strengths captured by AMAG align with the spatial organization
of ECoG arrays.

Neuron Trajectory Alignment. Beyond learning meaningful adjacency matrices, it is
also valuable to explore the neural trajectories captured by AMAG during the forecasting
task. To investigate this, we project the original neural signals and their hidden embeddings
from AMAG into 2D space using PCA, as shown in Fig. [3.4(C). We observe that while
neural trajectories projected from the original signals appear tangled, with random start
and endpoints, the trajectories projected from AMAG’s hidden embeddings are disentangled
and exhibit a circular structure, resembling patterns observed in prior studies [R [191]. This
illustration indicates that AMAG learns informative features that can be visualized as coherent
and interpretable neural trajectories in 2D space.

Computation Complexity. We additionally compare in Table the number of
parameters #P(M), training time per epoch T(S), and maximum memory cost during
training M(GB). We observe that GNN based methods use much fewer parameters than
non-GNN methods, with AMAG consistently using a minimal or comparable (DCRNN
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Table 3.4: Computation complexity estimation for multi-step and one-step forecasting

task. Bold marks AMAG estimates and those methods whose estimates are better than AMAG.

Mutli-step Forecasting
AMAG LRNN LFADS STNDT NDT RNNf TERN DCRNN GWNet GS4-G

#P(M) 0.27 4.59 5.53 2.38 1.06  3.55 9.93 0.60 1.12 1.52
T(S) 9.74 2.18 3.44 4.70 5.96 7.22 8.48 11.01 12.27 13.53
M(GB) 5.74 0.12 0.15 0.19 0.04 0.11 0.34 1.69 1.53 4.48

One-step Forecasting
#P(M) 0.22 1.25 5.84 8.31 3.70 355  9.93 0.15 1.12 N/A
T(S) 9.90 1.97 3.29 4.61 5.94 7.26 8.58 11.22 12.54 N/A
M(GB) 5.36 0.04 0.15 0.43 0.10 0.11 0.34 1.05 1.53 N/A

for one-step forecasting) number of parameters when compared to graph model baselines
(DCRNN, GWNet, GS4-G). This demonstrates that the source of the contribution to AMAG
performance is its architecture rather than the number of parameters. The graph architecture
of AMAG provides the topological constraint across channels. The absence of the topological
constraint in non-GNN based methods could result in overfitting with limited training samples.
Adding regularization terms, e.g., weight decay could help, but will also limit models’ capacity.
We demonstrate it in Fig. (B). Adding weight decay to NDT improves performance
(orange triangle vs purple circle), however, as the attention dimension increases, the effect
of regularization diminishes, and for dim; 1024, weight decay does not contribute to further

improvement.

3.83.3  Ablation Study

Here we examine how each component in AMAG contributes to forecasting. Specifically, we
consider the following ablated versions of AMAG: (1) removing self-connection in AMAG
(amAG), (2) removing both the “Add” and “Modulator” module (-~AG), (3) Only sample
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R% % CORR? MSE |
-AG 0.424£1e-3  0.650%£1le-3  0.0456=£1e-4
amAG 0.427+6e-3  0.652+4e-3  0.0453+£5e-4
-MAG 0.647+2e-3  0.805%6e-4  0.0274+2e-4
aMAG 0.648+t1e-3  0.806+4e-4  0.0273£6e-5
A-AG 0.652+9e-4  0.807%3e-4  0.0268+1e-4
aMAG 0.655+2e-3  0.810%£1le-3  0.0269+2e-4
AM-G (Rand Init)  0.575+2e-2  0.767+£7e-3  0.0329+1e-3
AM-G (Corr Init) 0.617£2e-4  0.786%xTe-4  0.0296£2e-5
AMAG (Rand Init) 0.652+1e-3  0.807+8e-4  0.0270+1e-4

AMAG (Corr Init) 0.657+2e-3 0.811+2e-3 0.0266+2e-4

dependent “Adaptor” is kept in “Add” Module (aMAG), (4) Adjacency matrix is not learnable
(AM-G), (5) The “Add” is ablated from the graph operation (-MAG), (6) “Modulator” is
removed (A-AG), (7) The “Adaptor” in excluded from the “Add” (aMAG). The results are
shown in Table[3.5] We find that removing Add or Modulator modules can cause the most
significant forecasting accuracy drop (-AG) as well as the self-connection part in the graph
(amAG). When keeping sample-dependent Adaptor term only (aMAG) in the Add module,
the performance is very close to ablating the Add module (-MAG). The sample-dependent
Adaptor term appears to be less important compared to other components but still reduces
the accuracy if being ablated from AMAG (aMAG).

In addition, we investigate the effect of initialization (random versus correlation) when
the adjacency matrices are not adaptable (AM-G), specifically, AM-G (Rand Init 1), AM-G
(Rand Init 2), AM-G (Corr Init). The forecasting accuracy of AM-G compared to the other
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Figure 3.5: Visualization of R? score during the training and testing with the initialization of
correlation matrix (solid curves) and random initialization (dashed curves). The correlation

matrix initialized adjacency matrix stabilizes the training process.

two variants demonstrates the importance of correlation initialization. In particular, random
and correlation initialization achieve similar performance when the adjacency matrices are
adaptable, while random initialization leads to a less stable training process. In particular,
both initialization methods result in a similar performance in terms of the final R? scores,
i.e., 0.659 (randomly initialized) vs. 0.658 (correlation matrix initialized). However, their
learning curves exhibit distinct characteristics, as depicted in Fig. [3.5] When the adjacency
matrix is initialized randomly (dashed curves), both training and testing curves display more
fluctuations. In contrast, when the adjacency matrix is initialized with the correlation matrix
(solid lines), the learning curves become smoother. This indicates that the correlation matrix
initialization promotes a more stable and consistent learning process. Furthermore, examining
the R? values in the initial epochs, we observe that the model initialized with the correlation
matrix achieved higher performance compared to the random initialization. This finding
suggests that careful initialization with the correlation matrix can accelerate the training
process, leading to improved performance during the early stages of training. In Fig. [3.6
we visualized the learned adjacency matrix with correlation initialization (top) and random

initialization (bottom) for one-step (left) and multi-step forecasting (right). Globally, the
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Figure 3.6: Visualization of the adjacency matrix of Add module (A4,) and Mudulator module
(A;n) learned by AMAG performing one-step forecasting (left) and multi-step forecasting

(right) using with correlation initialization (top) and random initialization (bottom).

learned adjacency matrices show similar connection patterns, while locally, the connection
can be different with different initialization matrices. This indicates that regardless of the
initialization method, AMAG can converge to graph patterns with globally similar connections

while multiple local connections are available to achieve similar forecasting performance.
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Chapter 4

ACTIVE LEARNING FOR EFFICIENT BEHAVIOR
RECOGNITION

This chapter is a reproduction of published work in [Z]EI with adaptations to fit the thesis

structure and formatting.

4.1 Motivation

Recognizing actions from spatiotemporal data is crucial for a wide range of applications,
including human activity analysis, human-robot interaction, and control systems. Unlike
conventional video-based approaches that classify actions using raw image frames, skeleton-
based methods focus on pose estimation features (e.g., joint positions or contours). This
produces a compact yet expressive representation by filtering out background details and
other extraneous information.

Numerous frameworks have been proposed to infer actions from these body-skeleton
keypoints, typically by modeling the spatial and temporal dependencies within a sequence
before assigning an action label [R 97, 211], 212} T00]. Despite often achieving high recognition
accuracy, fully supervised approaches rely heavily on large annotated datasets—obtaining
ground-truth labels for each sequence is both labor-intensive and dependent on expert input.
This labeling bottleneck hampers scalability and limits deployment to new actions and subject

populations. To address these challenges, unsupervised methods have been proposed. They

'In reference to IEEE copyrighted material which is used with permission in this thesis, the IEEE
does not endorse any of University of Washington’s products or services. Internal or personal use of this
material is permitted. If interested in reprinting/republishing IEEE copyrighted material for advertising
or promotional purposes or for creating new collective works for resale or redistribution, please go to
http://www.ieee.org/publications_standards/publications/rights/rights_link.html to learn how to obtain a
License from RightsLink. If applicable, University Microfilms and/or ProQuest Library, or the Archives of
Canada may supply single copies of the dissertation.
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Figure 4.1: AL-SAR system overview. A multi-head mechanism (middle) operates on a
learned hidden representation of an encoder-decoder (left) network, which extracts the latent
representation using the reconstruction task. Consequently, these latent representations are
grouped into Latent Space Clusters. The multi-head mechanism (middle) computes the
uncertainty of samples through the estimation of the collective confidence of the heads on
the prediction output. By incorporating the latent space information and the uncertainty
evaluation, the active learning algorithm ensures that the selected samples are diversified and

informative.

demonstrate the potential of a framework that includes two network components, an encoder,
and a decoder, cooperating to reconstruct spatio-temporal sequences of keypoints [R 213] [105]
106]. By jointly training the encoder and decoder, these networks were found to self-organize
the latent space shared between the encoder and the decoder to form clusters that correspond
to actions. While these methods appear to be promising, accurately translating these clusters
into action labels still demands extensive annotation efforts, ultimately constraining the

benefits of an unsupervised workflow.
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To propose an effective selection paradigm, we introduce Active Learning for Skeleton-
based Action Recognition, termed AL-SAR, which actively selects key sequences for annotation
based on both latent-space clustering and robust uncertainty estimation. AL-SAR selects
sequences for annotation according to the clustering information in the latent space along
with robust estimation of uncertainty. Our approach is a novel extension of the margin-based
uncertainty selection strategy with a multi-head mechanism. Although we present AL-SAR in
the context of skeleton-based action recognition, its principles generalize to other unsupervised
sequence reconstruction and classification settings where annotations are costly. We evaluate
AL-SAR on three widely used skeleton-based action recognition benchmarks—UWA3D [R
214], NW-UCLA [R 215], and NTU-RGB+D [R 08]. Our method demonstrates significant
improvements over state-of-the-art unsupervised and semi-supervised baselines, especially

under conditions where only a sparse set of labeled samples is available.

4.2 Method

AL-SAR works with datasets of multi-dimensional time series specifying the coordinates
of body keypoints at each given time. We denote the times-series as X = {X, |J A}, with
X, representing the sequences in the unlabeled set and A&} in the labeled set. At first, X
has only unlabeled samples (X = &,). A sample X; € X is represented as a sequence
X, = [x1,X2,..,Xy, ...X7|, where x; is the vector of coordinates of the keypoints at time
t, x, € R¥V*P Here N corresponds to the number of keypoints, and D is the dimension
of the keypoints (typically D = 3). N is expected to vary across datasets. For datasets
with keypoints obtained from video frames recorded from multiple views (e.g., NW-UCLA,
UWA3D), we follow the procedure of transforming them to a view-invariant representation [R
105, 216].

The proposed AL-SAR system includes three main components: (i) Learning the latent
representation of skeleton sequences, (ii) The multi-head mechanism for robust computation
of the margin-based metric, (iii) AL selection which integrates location information in the

latent space and the margin-based metric to select samples for annotation. In this paper, we
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focus on extending components (ii), and (iii) since, for (i), there are powerful pre-existing
methods available. An overview of AL-SAR system architecture is depicted in Figure [4.1]
(i) Preliminary: Learning Meaningful Latent Representations. In AL-SAR,
we embed the spatial-temporal body keypoints into latent representation space with the
encoder-decoder framework introduced in [R [105] [I06], which has been shown to achieve
meaningful latent representation. The encoder uses bidirectional Gated Recurrent Units
(GRU) and receives X; as input. The vector h’ is the latent code transferred from the
encoder at the last time step 7" to the decoder. It encodes the dynamic properties of the whole
sequence X; and lies in the latent space V, where V = {h]|h] = encoder(X;),X; € X}, i.e.,
the space spanned by the latent codes of all sequences. The unidirectional GRU-based decoder
receives h! and reconstructs the original input sequences by minimizing the reconstruction

loss
Lo = |X; — X4 (4.1)

Notably, AL-SAR is not limited to the encoder-decoder framework and training strategy
of P&C [R[105], and as we demonstrate in Experiments & Results, AL-SAR could achieve
successful sample selection and classification with latent representation learned by other
encoders.

(i1) Multi-head Mechanism. Pool-based active learning (AL) methods that rely on
uncertainty measures can be susceptible to biased classification predictions, particularly when
few labeled samples are available. Classifier outputs are influenced by factors such as network
initialization and training regimen, and prior research indicates that models can exhibit
overconfidence on certain instances [R 217]. Consequently, directly relying on classification
outputs for uncertainty estimation may lead to misguided sample selection. The multi-head
mechanism introduced here aims to mitigate this issue and yield more reliable measures of
uncertainty:.

Unlike the multi-head configurations employed in Transformer networks for attention

weighting [R [162] or in CNN-based spectrogram inversion [R 218], our approach differs in
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its structure, training paradigm, and intended purpose, though it likewise involves parallel
components. Specifically, we randomly initialize several fully connected layers, leave their
parameters fixed, and insert them in parallel immediately prior to the final classification layer.
The classifier is then trained to correctly classify the labeled samples from the output of any
head. During the selection phase, we combine the outputs of all heads to produce a robust
uncertainty estimate.

The multi-head network is structured as follows. We consider classifier C as a single fully
connected layer with weights Wy. The multi-head mechanism is constructed as multiple
additional heads receiving h! as input and sending outputs to the classifier. Each head is a
single fully connected layer with weights Wj initialized according to the uniform distribution,
ie., Ws ~ U (—m, m>, and kept fixed throughout the training process. Here
dim(h?) denotes the dimension of the latent code. During training and testing, a single head
is randomly chosen to be activated at each time. During operation, i.e., at the sampling phase,
all heads are activated and average predictions are used to evaluate the uncertainty of the
input samples. We show in Results (Section that by generating multiple transformations
of h! and collectively contributing their different confidence to the knowledge of the unlabeled
samples, the heads effectively reduce artifacts in estimation of uncertainty and improve the

performance of the overall system. We use the margin-based uncertainty metric [R 150}, T51],

i.e., marginal index (MI), which evaluates the probability prediction p, from each head j

Pi(Xs) = ph (9 = [|We, Ws) = C(H.(X,))
Jj €1, Ny];and [ € [1,C],

where p! denotes the probability of a sample which belongs to class [ predicted by the classifier
C when the head z is activated. For C possible classes, C and H_ indicate the transformation
with the classifier and the 2" head respectively. N}, denotes the number of heads. Given
probability predictions, MI is computed as the measure of the confidence difference between

the most probable class and the second most probable class, using the average probability
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Figure 4.2: Tlustration of latent space organization when the encoder-decoder network is
trained with AL. The illustration of three training iterations depict that clusters in the latent
space self-organize and co-adapt during training and annotation process. Gray points are
unlabeled points, blue points are samples selected for annotation. In each iteration, clusters
are formed in the latent space. The samples closest to the center of each cluster are annotated
in the Initial Selection (Annotation 1). In subsequent iterations, samples for annotation
are chosen from each cluster according to AL-SAR strategy (Annotation 2). The process is

repeated for multiple iterations until it reaches the maximal annotation budget.

prediction of the heads, i.e.,

1 1 &
MI = max | — P, | — max ~ bP; | 4.2
le[1:C] Nh; ! le([1:CIN\I*) Nh; ’ 42

Where, p; = [pjl-, --,pé-, --7]7?],

Given the classifier output, the classification loss is computed as

C
e = Y —Yilog(p(Xy), j = rand(1: N), (4.3)

=1
where y! = 1 if X; belongs to class [, and y! = 0 otherwise. The loss, incurred for each sample

X, is composed from the reconstruction loss £ and the classification loss £%;, for the labeled
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samples. The full model is trained according to the total loss
£=3 L re > (14)
where |X| is the total number of samples in the dataset.

(iii) Active Selection. In addition to the margin-based uncertainty measure (MI),
we incorporate diversity filtering by leveraging clustering information in the latent space to
enhance coverage and effectiveness of selected samples. We indeed observe that the inclusion
of clustering information in AL boosts the overall classification. It presumably brings closer
samples in the latent space that belong to the same class, while increasing the distances
between distinct classes, as shown in Fig. 4.2l In each iteration, a new set of unlabeled
samples is selected for annotation and then all samples (labeled and unlabeled) are used to
refine the latent code and enhance the classifier. The selection can be subdivided into two
scenarios: 1) Initial Selection, ii) Subsequent Selection.

Initial Selection is regarded as the ‘cold-start’ problem, where neither ground truth
annotation nor the predictions of the classifier are available [R 219 220]. For effective initial
selection, we form samples into clusters according to latent representation h? generated by
the encoder and then the samples in each cluster center are selected for annotation based
on the assumption that these samples represent the clusters. Specifically, we use K-Means
clustering to transform the latent representation into a collection of clusters IC. The number
of clusters k

L —

X percentage X |X|, (4.5)
Niter

is chosen based on the total number of selection iterations N, and the selection budget (the
percentage of data we want to annotate). k is fixed across selection stages and is the budget
for each selection. With the labeled samples, the classifier is trained until the classification
accuracy on these labeled samples converges.

For Subsequent Selections, which will occur multiple times, we combine cluster information
and MI computed by the multi-head structure. We choose the samples (s) with the minimum

MI within every cluster K; (i € [1,k]). The selected samples are then passed to the ‘Oracle’
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Algorithm 1 AL-SAR Iterative Sample Selection Procedure
1: procedure AL-SAR

2: Number of training epochs N,,, h! latent representation for all unlabeled samples.
Standard Deviationn (std).

3: Inputs: unlabeled samples X,,, labeled samples X; = 0, njze, = 0

4: hT « Encoder(X;), X; € &,

5: K + K-Means(hl k)

6: s < Oracle([center(K;) for K; in K])

7: X +— XjUs

8: X, — X \s

9: for = 1:N,, do

10: ACC, < (lassification Accuracy

11: if std(ACC,_1,ACC,_5, ACC, _3) < 0.01, 7 > 3 and njser < Ny then
12: hT + Encoder(X;), X; € X,

13: K < K-Means(h® k)

14: s < Oracle([argmin(MI(K;)),

15: for K; in K])

16: X, +— X Us

17: Xy — X, \s

18: Niter $— Niger + 1

for annotation. A new set of k£ annotated samples is subsequently added to the labeled set
and the model is continually trained with the loss of Eq. We summarize the complete

procedure in Algorithm [1}
4.3 Results

Datasets. We evaluate the performance of AL-SAR on three skeleton based action recognition

benchmarks, UWA3D Multiview Activity II (UWAS3D) [R 214), North-Western UCLA (NW-
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Table 4.1: Comparison of fully supervised (FS), semi-supervised (SS) in top section, SOTA

AL (mid section) accuracy with AL-SAR (bottom section) on three benchmarks of action

recognition.
UWA3D VIEW3 NW-UCLA NTU RGB+D 60 CS
%Labels 5% 10% 20% 50% || 5% 15% 30% 40% || 1% 2% 5% 10%
#Labels 25 50 100 250 || 50 150 300 400 | 400 800 2K 4K
C 20.0 233 373 500 || 42.7 579 709 685 || 21.8 37.2 496 56.7
e g RC 209 322 383 488 | 551 50.9 721 77.0 || 33.8 41.6 47.8 60.0
] n
3 > IRC 21.7 29.6 415 554 | 50.7 59.3 78.6 78.0 || 36.7 42.7 53.9 61.2
Q .
= & ASSL[RIO7] - — - - 526 748 T78.0 784 | - - 573 64.3
[92]
= MS?L [RI08] - —~ - - —~ —~ —~ —~ 331 - ~  65.2
SC3D [RI09] - - - - — — — - 357 - 59.6 65.9
DIS 19.3 28.7 402 53.8 || 47.7 718 76.6 80.5 || 349 395 538 604
CS 215 299 40.3 526 | 57.3 694 773 80.6 || 176 23.1 37.0 49.6
AUG 21.9 30.2 40.8 56.2| 482 658 77.0 817 || 20.7 33.5 504 60.2
fﬂ U 234 305 421 534 | 523 704 784 808 || 34.6 43.8 56.3 61.2
gAL-SAR 25.7 35.3 45.7 539 | 61.0 75.9 82.5 84.1 || 38.8 47.6 57.9 63.7
© 4sU 123 148 136 105 || 18.7 155 4.1 133 || 142 138 117 125

UCLA) [R215], NTU RGB+D 60 [RO8]. These datasets feature varying numbers of actions,
subjects, and viewpoints, thus enabling a comprehensive assessment of our method under
both cross-view (CV) and cross-subject (CS) conditions. UWAS3D This dataset contains 30
action categories, each performed 4 times by 10 subjects, captured from frontal, left, right,
and top viewpoints. Following standard practice [R [105, 221], we use the first two views for
training and the third view for testing, as it represents a more challenging scenario.
NW-UCLA Recorded with three Kinect V1 cameras, NW-UCLA comprises 10 action
classes, each performed by 10 different subjects 1-10 times. We follow the protocol of [R
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Table 4.2: Comparing AL-SAR with its ablation versions: Uniform with multi-head (UH), no
cluster with multi-head (NKH), average MI computed with Dropout (Drop), Using cluster
without head (KNH).

UWA3D VIEW3 NW-UCLA NTU 60 CS

% Labels Cluster-  Multi- 5% 20% 5%  30% 1% 5%
# Labels ing (K) Head (H) 25 100 50 300 400 2K

Random Selection
U X X 234 42.1 52.3 78.4 34.6 56.3
UH X Ve 25.1 41.3 54.9 76.9 33.8 54.9

Margin Based Selection

MK v X 23.8 49.7 55.7 819 38.2 57.4
MKD v Dropout  23.2 45.2 57.6 81.3 37.1 57.2
MH X v 23.2 42.5 57.2  81.0 349 56.6
AL-SAR v v 25.9 45.4 59.4 82.2 38.9 57.9

105l 941, 215], using the first two views as the training set and the remaining view as the test
set.

NTU RGB+D 60 Collected from 40 subjects using 3 different cameras, this dataset
includes 60 action classes. We evaluate AL-SAR in both cross-subject (CS) and cross-view
(CV) settings. In the CV scenario, samples from cameras 2 and 3 are used for training,
while camera 1 is used for testing. The CS setup splits the 40 subjects into two groups
of 20 for training and testing, respectively—a more demanding task for unsupervised and
semi-supervised methods [R [105], [107].

Implementation Details. In our experiments, the encoder is composed of three bi-
directional GRU layers, each with 1024 hidden units per direction. The two directions’ hidden

states are concatenated, yielding a 2048-dimensional vector h?| which serves as input to the
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decoder. The decoder is chosen to be a uni-GRU with the hidden size of 2048. Each head is
implemented by a fully connected (FC) layer of size 2048x1024. A single-layer FC classifier
C receives the output from these heads and produces class probabilities for each sample.
Model parameters are optimized using Adam . The learning rate is set to 10™% and then is
multiplied by 0.95 to decay every 10 epochs on UWA3D and NW-UCLA, and every 3 epochs
on NTU RGB+D. We employ 5 heads for UAW3D and NW-UCLA. For NTU RGB+D, we
use 3 heads at 1% and 2% annotation budgets, and 5 heads at 5% and 10% budgets.

Comparison with SOTA AL Methods. Since AL methods specifically designed for
action recognition are not available as far as we know, we compared AL-SAR with SOTA
AL generic techniques as well as methods developed for other applications. In particular, we
implement and examine Uniform sampling (U), Core-Set (CS) [R [134], Discriminator based
selection (DIS) [R [139], and Consistency-based AL under Augmentation (AUG) [R[136]. We
benchmarked these AL approaches against the margin-based selection strategy enhanced with a
multi-head mechanism in AL-SAR. In Uniform Sampling (U), samples are randomly chosen for
annotation from the entire dataset. Core-Set (CS) aims to comprehensively cover the feature
space by selecting samples that minimize the overall coverage range [R [134]. Discriminator-
based Selection (DIS) employs a discriminator to differentiate between labeled and unlabeled
samples, as elaborated in the Related Work section [R [139, 141]. For Consistency-based
AL under Augmentation (AUG), we applied skeleton sequence augmentation techniques
introduced in [R 222] in conjunction with the consistency-based AL method proposed in [R
136].

The performance of AL-SAR is summarized in Table .| for the UWA3D VIEW3, NW-
UCLA, and NTU RGB+D 60 CS datasets. Our results demonstrate that AL-SAR consistently
outperforms existing active learning (AL) methods, including Uniform Sampling (U). Specif-
ically, with annotation budgets of 5% and 10% on the UWA3D View3 dataset, AL-SAR
achieves accuracy improvements of 2.3 and 4.8 percentage points over the best baseline
method, U. On the NW-UCLA dataset, AL-SAR exceeds the top-performing methods—Core-
Set (CS) and Discriminator-based Selection (DIS)—by 3.7 and 4.1 percentage points at 5%



o2

and 15% labeled samples, respectively. A similar pattern is observed in the NTU RGB+D
60 CS dataset, where AL-SAR outperforms DIS by 3.9 percentage points when only 1% of
samples are annotated. Additional results on UWA3D V4 is shown in the Table We can

see that our proposed active learning method consistently outperforming other AL methods.

Table 4.3: Performance of different semi-supervised approaches (top), AL-SAR with SOTA
AL methods (middle) AL-SAR on UWA3D View4.

UWA3D VIEW4

% Labels 5% 10% 20% 50%
# Labels 25 50 100 250

o= o]
E ¢ C 224 255 425 544
wn >
3 g RC 22.0 305 387 544
Z & IRC 241 320 43.0 57.2
Cs 181 29.6 411 56.7
DIS 20.0 323 429 569
AUG 93.3 304 425 55.7
B U 248 332 435 569
=
Ours

AL-SAR 25.6 36.4 45.4 58.0
tvs U 10.8  13.2 119 11.1

More results on NTU RGB+D CV is shown in the Table [£.4] Similar as NTU RGB+D
60 CS, when 1% and 2% of samples are labeled, AL-SAR outperforms the best AL methods

by average 2.25 in terms of accuracy.
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Table 4.4: Performance of different semi-supervised approaches (top), AL-SAR with SOTA
AL methods (middle) AL-SAR on NTU RGB+D 60 Cross View (CV) dataset.

NTU RGB+D 60 CV

% Labels 1% 2% 5% 10%

# Labels 400 800 2K 4K

C 287 387 537 61.2

E % ro 351 450 557 66.1

§ é IRC 39.0 481 60.5 67.2

£ & ASSL[RIOT ~ 636 69.8

SC3D [RM09] 381 —  65.7 72.5

CS 16.0 22.2 36.2 454

DIS 31.2 46.3 5H7.6 652

AUG 274 337 548 64.5

2 U 39.3 46.5 59.0 65.5
< Ours

AL-SAR 41.5 50.4 61.7 694

tvs U £2.2 139 127 13.9

As the annotation budget increases, the relative improvement of AL-SAR compared to
Uniform Sampling (U) generally diminishes, yet remains noteworthy. For example, with a 10%
annotation budget (400K samples) on the NTU RGB+D 60 CS dataset, AL-SAR outperforms
U by 2.5 percentage points in accuracy. Overall, AL-SAR consistently exhibits high efficiency
across all benchmark datasets. This conclusion is further supported by Figure [4.3], which
illustrates the number of labels required to achieve 80% accuracy for AL-SAR and other
AL methods (U, CS, DIS), as well as baseline non-AL methods including C (encoder with
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classifier trained solely on classification loss), RC (C enhanced with a decoder and trained
with reconstruction loss), and IRC (a variation of RC initialized with a pre-trained encoder-
decoder model) [R[105]. As shown in Figure 4.3 (left), AL-SAR only needs 20% of annotated
samples to reach 80% accuracy, significantly reducing the labeling burden compared to
C, which requires 70% of labels. While other baselines like RC and IRC perform better
than C, they still necessitate 40%-50% of labeled data. Additionally, Figure (right)
demonstrates that when using a sparse set of 5% annotated samples, AL-SAR continues to
improve its performance through successive learning iterations. In contrast, methods such
as C and U quickly plateau after a few learning epochs, limiting their effectiveness with
limited annotations. These analyses confirm that AL-SAR is highly efficient in utilizing
sparsely annotated data, significantly enhancing overall action classification performance
while minimizing the need for extensive labeling.

Comparison with SOTA Semi-Supervised Methods. In addition to comparing
AL-SAR with other AL methods, it is of interest to compare AL-SAR with semi-supervised
approaches for skeleton-based action recognition, such as ASSL [R [107], MS?L [R [108], and
SC3D [R[109], even though these methods assume a given set of annotated samples and do
not deal with active sample selection. As presented in Table 4.1, AL-SAR outperforms these
semi-supervised techniques when the number of annotated samples is limited (# Labels < 800).
However, with a larger set of annotated samples—such as 4000 samples (10% labels) on NTU
RGB+D—ASSL and MS?L outperform AL-SAR. This is expected, as these methods are
specifically designed to capitalize on additional annotated data to enhance their performance.
Similarly, SC3D achieves superior results with 2000 annotated samples, attributable to its
more complex and expansive network architecture, which includes two GRU-based sub-
networks and an additional graph convolutional neural network. Nonetheless, as detailed
in the Ablation Study (subsection that follows), AL-SAR can be effectively integrated with
SC3D to bolster its active sample selection strategy, thereby further improving classification
accuracy. This synergy highlights the versatility and complementary strengths of AL-SAR

when combined with existing semi-supervised frameworks. This comparison elucidates that
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Figure 4.3: Left: Annotation (% of labeled samples) required to achieve 80% percent accuracy
on NW-UCLA. Comparisons are made for C, RC, IRC, U, DIS, AL-SAR. Right: Training
trajectory with 5% annotated samples for C, U, and AL-SAR on NW-UCLA showing that
AL-SAR continues to improve with each new set of samples being selected for annotation.

Selections are performed at epoch 1, 22, 29, 36, 41.

the main application of AL-SAR is when the annotation budget is small and when the
annotation is performed iteratively along with inspection of the action clusters.

Ablation Study. We test how aspects of AL-SAR, such as latent space clustering with
k-Means (K), multi-head structure (H), and margin-based selection (M) contribute to its
overall performance. First, we test the influence of multi-head mechanism as an additional
component to U, in abbreviation UH. Results in Table show that UH is comparable to
or underperforms U in many cases, e.g., UH accuracy is 1.5 and 1.4 lower than U on 30%
NW-UCLA and 5% NTU RGB+D CS, respectively. We thus observe that integration of multi-
head structure without marginal selection is not optimal. We, therefore, examine variants of

marginal selection and test the effectiveness of multi-head components and clustering. In

AL-SAR, MI is used as the uncertainty measure defined in Eq. 4.2l When the multi-head
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Table 4.5: Evaluation of Original Space (OS), beta-variational autoencoder (5-VAE), vanilla
Encoder-Decoder (ED) and Predict&Cluster (P&C) in terms of ability to produce meaningful

latent states for classification.

B-VAE OS ED P&C

KNN Accuracy 41.5 66.5 82.9 83.6

., . .

° e 4 s.
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Figure 4.4: T-SNE embeddings of the latent space for the first iteration (left) and the final
iteration (right) on UCLA dataset. Two representative classes belonging to actions of ‘two
hand punching’ (red) and ‘squatting’ (blue) are marked. The first iteration is initialized with
10% annotated samples, where in each iteration additional 10% of samples are annotated. At

the final iteration, the same class samples are gathered into more enhanced clusters

mechanism is removed, MK variant), the equation for MI becomes

MI = _ 4.6
e (p) e (p). (4.6)

where p is the probability output of the classifier taking as input the latent representation
h?. As presented in Table AL-SAR outperforms MK across all evaluated datasets and
annotation budgets, with the exception of the UWA3D View3 dataset at a 20% annotation
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Figure 4.5: Visualization of the classifier predictions in t-SNE embedded latent space. The
predictions are obtained from the well-trained classifier as it is connected to different heads,
and colors indicate class labels. The classifier makes consistent predictions across three heads

except for a few examples (denoted by black dashed circles).

budget. Detailed results from the ablation study examining the impact of varying the number
of heads in AL-SAR are provided in Table where the accuracy AL-SAR achieved with 3, 5,
or 10 heads are close. However, adding more heads does not constantly improve performance,
e.g., the performance of AL-SAR using 20 heads (AL-SAR 20) is lower than other AL-SAR
variants, which is consistent with the comparison between U and UH in Table II of the main
paper, i.e., without active selection in AL-SAR (U), simply adding the fixed head to U, as
UH, is not beneficial. This is probably because, as more heads are included in the multi-head
mechanism, the classifier may not be able to generalize to all heads, especially when the
action recognition task is hard (UWA3D VIEW3).

Another approach to implementing a multi-head mechanism involves the use of Dropout [R
223], which introduces stochastic noise into the network and estimates probability outputs
through multiple forward passes. Our comparative analysis indicates that MKD does not
achieve the same level of classification accuracy as AL-SAR. This discrepancy may be
attributed to the fact that Dropout-induced noise is not as systematic or structured as
the predefined transformations executed by the multi-head mechanism in AL-SAR. Unlike

Dropout, which randomly deactivates neurons to prevent overfitting, the multi-head approach
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Table 4.6: Comparison of MK (no head) and AL-SAR variants with different number of heads:
AL-SAR-3 (3 heads), AL-SAR-5 (5 heads), AL-SAR-10 (10 heads), AL-SAR-20 (20 heads).

UWA3D VIEW3 NW-UCLA

% Labels 5% 20% 5% 30%
# Labels 25 100 50 300
MK 23.8 49.7 55.7 819
AL-SAR-3 25.9 45.4 594 822
AL-SAR-5 25.7 45.7 61.0 825
AL-SAR-10 254 45.8 57.8 83.6
AL-SAR-20 22.7 40.3 59.0 818

in AL-SAR employs parallel, fixed transformations that provide a more consistent and reliable
estimation of uncertainty, thereby enhancing classification performance.

We study the effectiveness of clustering in latent space with MH variant in Table [4.2]
where clustering is ablated from AL-SAR. MH underperforms AL-SAR by an average of 2.7.
Indeed, clustering in the latent space is considered for diversity selection since the space has
been shown to self-organize into meaningful structures [R[105]. As we show in Fig. , t-SNE
representation of the latent space in the first and final iteration of AL indicates that training
that leverages clustering succeeds to form clusters of samples that are clearly identified with
action, and thus ensures selection diversity.

Different methods to construct latent space can potentially influence the final accuracy.
We assess how well the latent space obtained by beta-variational autoencoder (5-VAE) [R[224],
vanilla encoder-decoder (ED), and Predict&Cluster (P&C) [R[105] construct discriminative
clusters. In all three variants, we evaluate the accuracy of KNN (k=1) on NW-UCLA and use
the same encoder and decoder for comparison. We report the performance in Table 4.5 along

with the baseline of KNN accuracy (k=1) on the original input space (OS). P&C architecture
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yields the highest accuracy and thus we choose this architecture for AL-SAR experiment.

Table 4.7: Comparison of vanilla SC3D, AL-SAR with the encoder-decoder of P&C (AL-
SAR-PC), and AL-SAR with the encoder in SC3D (AL-SAR-SC3D) on NTU RGB+D 60
CS.

% Labels 1% 5% 10%

SC3D 35.7 59.6 65.9
AL-SAR-PC 388 579 63.7
AL-SAR-SC3D 40.0 63.8 T72.7

In addition, we are interested in whether a powerful semi-supervised learning method could
be combined with AL-SAR. One such method is SC3D [R [109], which shows strong action
recognition accuracy on NTU RGB+D dataset under 5% and 10% annotation budget (Table
[1.1)). SC3D’s primary relevance to our work is in learning the data representation for AL-SAR
as an alternative to P&C [R[105]. To test the combination, we substitute encoder-decoder of
P&C with the encoder of SC3D to test whether this substitution will enhance the results of
AL-SAR with P&C and/or the results of SC3D alone. The results are shown in Table[1.7, We
denote the original AL-SAR as AL-SAR-PC to distinguish with SC3D substituted AL-SAR
(AL-SAR-SC3D). AL-SAR-SC3D surpasses the performance of both SC3D and AL-SAR-PC
on three annotation budgets 1%, 5%, and 10%. Specifically, for 10%, the improvement is
6.8 and 9.0 with respect to SC3D and AL-SAR-PC, respectively. The results indicate that
incorporating a more complex model in AL-SAR, such as SC3D, could improve the accuracy
and demonstrates the versatility of AL-SAR in discovering informative samples from latent
representations embedded with different encoders.

The Multi-head Mechanism. As described previously, the multi-head module consists
of a set of randomly initialized, fixed fully connected layers inserted immediately before the

final classification layer. Evaluating the impact of these heads on classifier predictions is of
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Figure 4.6: Misclassification ratio within selected samples. Comparisons are made between
the AL-SAR (blue bar) and MK (red bar) in four iterations: iteration 1 (I1), iteration 2 (12),
iteration 3 (I3), iteration 4 (I4), and integration of the four iterations (I1-I4). In most cases,
AL-SAR has a higher misclassification ratio indicating the preference of AL-SAR for selecting

more informative misclassified samples.

particular interest. Figure[4.5illustrates the classifier’s predictions in the latent representation
space when interfaced with different heads, revealing that the outputs remain nearly identical
regardless of the head used. This consistency indicates that the classifier robustly generalizes
across the outputs of various heads.

To further examine the utility of the multi-head mechanism in the context of active sample
selection, we conducted a quantitative comparison of AL-SAR (Eq. and MK (Eq. in
their ability to identify misclassified samples. Specifically, we calculated the misclassification
ratio for the samples selected over four iterations, where MI is computed in Fig 4.6l AL-SAR
generally achieved a higher misclassification ratio than MK in most iterations, with the
exception of iteration 4 (I4). When aggregated across all iterations, AL-SAR consistently
prioritized the selection of misclassified samples, which are presumed to be more valuable

for improving classifier performance than correctly classified ones. Additional visualizations
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Figure 4.7: Visualization of t-SEN projected latent representation of selected samples with
MK (no head) and AL-SAR in four selection iterations: iteration 1 (I1), iteration 2 (I2),
iteration 3 (I13), iteration 4 (I4). Large triangles are selected points in the current iteration;
small points indicate other samples. Samples that are correctly classified are in red, otherwise
in blue. The number of wrong predictions (blue triangles) and correct predictions (red

triangles) in selected samples are shown on the bottom left in each subplot.

detailing the spatial distribution and significance of these samples are provided in Fig. 4.7]
Specifically, we visualize the localization and the correctness of samples selected either by
MK without multi-head mechanism (top row) and AL-SAR (bottom row) in 2D space on
NW-UCLA dataset under 5% selection budget. Both methods select samples scattered in the
latent space, ensuring the diversity of the selection, but compared to MK, AL-SAR is less
likely to select samples that are already been correctly recognized by the classifier, which

may not be informative to the classifier.
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Figure 4.8: MI distribution among the mis-classified samples in the presence (w) and absence
(w/0) of multi-head structure at two stages: first iteration (left) and second iteration (right).

Compared to w/o Heads, MI computed with heads is less likely to be larger than 0.6.

Previous studies have shown that classifiers may exhibit overconfidence on misclassified
samples, potentially resulting in misleadingly high MI values (indicating low uncertainty) [R
217, 225]. To address this issue, we investigate whether the multi-head mechanism computed
MI can alleviate the artifact associated with overconfident predictions. We compare the MI
distributions of misclassified samples with multi-head mechanism and without the multi-head
mechanism over two selection iterations (Fig|4.8). The density at the high MI regime could
indicate the extent of over-confidence since, presumably, the MI of misclassified samples
should be low. As shown in Fig [4.8] in the high MI regime, the density of MI generated
by the multi-head mechanism is lower (orange curve) than the one without the multi-head
mechanism (blue curve). This indicates that, with the multi-head mechanism that integrates
the classifier outputs from all the heads to guide the sample selection, the estimated MI
is less likely to be affected by the overconfident classifier, thus constituting a more robust

uncertainty estimation.
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Chapter 5

ANIMAL BEHAVIOR RECOGNITION WITH OPEN USER
INTERFACE

5.1 DMotivation
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Figure 5.1: OpenLabCluster overview. (1) Clustering: Input of body keypoints segments is
mapped to low dimensional space. Unsupervised encoder-decoder maps them to a Cluster
Map. (2) Classification: Active Learning algorithms automatically select candidates for
annotation after which Cluster Map is reshaped into the Behavior Classification Map where
each point is associated with a behavioral state (Grooming (red), Hanging (blue), Rearing

(blue)). Mouse images are reproduced from frames of videos provided in the dataset of [9].
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Understanding and interpreting animal behavior is critical to numerous biological investi-
gations, ranging from ethological research to behavioral assays aimed at elucidating biological
mechanisms [R 226, 21], 227, 228, 229, 230}, 2311, 232, [71, 233]. Robust, uninterrupted, and
high-resolution behavioral observations are essential, and over decades, researchers have em-
ployed diverse recording modalities—such as video, audio, and physical markers—to capture
animal behavior [R 234], 235] 236], 237, 238] 239, 240]. Recent advancements in recording
technologies have enabled prolonged observations in varied environments and with multiple
modalities. This progress necessitates effective organization, interpretation, and classification
of recordings into distinct behavioral states—a task that is time-consuming and requires
specialized expertise when performed manually. Consequently, the development of automated
methodologies to accelerate behavioral classification, while minimizing human involvement, is
of paramount importance [R 241, 242] 243].

Early efforts in automatic behavior classification focused on raw video analysis using
machine learning techniques such as Convolutional Neural Networks (CNNs) [R83], 84, 85 [86],
Recurrent Neural Networks (RNNs) [R 87, [88], Temporal Gaussian Mixture models [R [89],
and temporal CNNs [R[O0]. Although effective in specific scenarios, video-based methods
often incorporate extraneous background information and noise (e.g., camera artifacts),
which can undermine reliability and require considerable computational resources due to
the high-dimensional nature of video data [R[90]. In contrast, approaches that concentrate
on movement by utilizing body keypoints or kinematics—extracted from video frames—can
circumvent these limitations [R [10} 244], 245] 11, 246].

Markerless pose estimation techniques, such as OpenPose [R [66], DeepLabCut [R 67, [68]
and their subsequent improvements [R [69, [70], enable accurate keypoint detection with-
out the need for physical markers. Numerous other tools and approaches have also been
developed to advance animal pose estimation [R [71], [72], [73, [74], [75, [76], [77, 247). Once
body keypoints are estimated, behavioral segmentation can be achieved using unsupervised
clustering methods—such as HBDSCAN [R 248, 249], hierarchical clustering [R 250], and
the Watershed algorithm [R 251, 252, 253]—which group similar postural states and dif-
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ferentiate distinct behaviors [R 21], 249]. Dimensionality reduction techniques, including
Principal Component Analysis (PCA) and Uniform Manifold Approximation and Projection
(UMAP), further enhance the representation of body keypoints for effective clustering [R
2541, 250, 255], 249], 250].

Recent deep learning methods have advanced latent keypoint representation learning
through task-specific optimization, as demonstrated by TREBA [R 257] and its automated
extension, AutoSWAP [R 258]. Contrastive learning approaches have also been explored
to refine the latent space by drawing together similar behavioral samples and separating
dissimilar ones [R 259, 58], although the selection of appropriate positive and negative samples
remains challenging without expert guidance.

General methods such as Predict&Cluster [R [105] and VAME [R 260] address these
challenges by focusing on sequence reconstruction and future prediction, enabling the unsu-
pervised clustering of behavioral patterns [R 105}, 260} 261]. However, while unsupervised
clustering effectively identifies similar behavioral patterns, it may not isolate behaviors of
specific interest. Supervised classification methods overcome this limitation by mapping
behavioral segments to predefined categories using annotated training data [R [10, [1T], 12].
The accuracy of these classifiers depends critically on both the classifier design and the
quality and quantity of the annotations. Early successes using classical machine learning
(R 262], 9], 12, 263] 264, 265], 266, 249] have recently been supplemented by deep learning ap-
proaches [R 267, 268, 259 247, [T1]. Nevertheless, manual annotation remains labor-intensive
and subject to inter-annotator variability.

To mitigate the burden of manual annotation, methods such as SalL.Sa—which assigns
uniform labels to pre-computed unsupervised clusters—and JAABA-—which provides an
interactive framework for correcting misclassifications—have been developed [R 268 269].
Active learning (AL) techniques further streamline the process by automatically selecting
samples for annotation, balancing annotation effort with classification accuracy [R [131], 132,
133, 270]. For instance, A-SOiD employs AL to prioritize samples with high prediction

uncertainty [R 270]; however, uncertainty-based selection may inadvertently target redundant
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samples. Integrating clustering information with classifier uncertainty could improve the
efficiency of sample selection.

In this work, we extend prior methods by jointly learning representations for active
learning and classifier training using pose estimates derived from DeepLabCut [R 67, 69, 6]
applied to animal videos. We introduce the OpenLabCluster toolset—an active learning-based,
semi-supervised behavior classification platform with a graphical interface for classifying
animal behavior from body keypoints. The system implements multiple semi-supervised
active learning strategies in an iterative framework. In each iteration, a subset of candidate
segments is automatically selected for annotation, thereby progressively enhancing the
accuracy of clustering and classification. OpenLabCluster comprises two main components
(Fig. 3.1]A): (1) an unsupervised deep encoder-decoder that generates Cluster Maps to
visualize the representation space and its groupings, and (2) an iterative mechanism for the
automatic selection of representations for annotation, which subsequently produces Behavior
Classification Maps where each point is re-positioned and associated with a behavioral
class. These operations are performed through the simultaneous training of a clustering
encoder-decoder and a deep classifier. OpenLabCluster is released as an open-source graphical
user interface (GUI), designed to empower scientists—regardless of their expertise in deep
learning—to perform animal behavior classification, while also offering advanced options for

expert users.
5.2 Experiments and Results

Datasets. Behavioral states and their dynamics vary from species to species and from
recordings to recordings. We use four different datasets to demonstrate OpenLabCluster
applicability to various settings. The datasets include videos of behaviors of four different
animal species (Mouse [R O], Zebrafish [R21], C. elegans [R 22], Monkey [R [73]) with three
types of motion features (body keypoints, kinematics, segments), as depicted in Fig. .
Two of the datasets include apriori annotated behavioral states (ground truth) (Mouse, C.

elegans), while the Zebrafish dataset includes ground truth a priori predicted by another
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Figure 5.2: Visualization of four animal behavior datasets. (A) Home-Cage mouse dataset
(Mouse) (B) C. elegans Movement Dataset (C. elegans) (C) Zebrafish free swimming dataset
(Zebrafish) (D) OpenMonkeyStudio Macaque behaviors dataset (Monkey). The top row shows
positions of extracted keypoints for each dataset. Images sources: A. Images are reproduced
from frames of videos in the dataset of [9]. B. Images are reproduced from Figure 1 and
frames of videos of [21]. C. Images are reproduced from Supplementary Figure 1 and images

of [22]. D. Images are reproduced from Figure 8 and images of [73].

method, and the Monkey dataset does not include ground truth annotations. Three of
the datasets have been temporally segmented into single-action clips (Mouse, Zebrafish,
C. elegans), i.e., temporal segments while the Monkey dataset is a continuous recording that
requires segmentation into clips. We describe further details about each dataset below.

Home-Cage Mouse. The dataset includes video segments of 8 identified behavioral states [R

O]. In particular, it contains videos recorded by front cage cameras when the mouse is

moving freely and exhibits natural behaviors, such as drinking, eating, grooming, hanging,
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micromovement, rearing, walking, and resting. Since keypoints have not been provided in
this dataset, we use DeepLabcut [R [67, 69, [68] to automatically mark and track eight body
joint keypoints (snout, left-forelimb, right-forelimb, left-hindlimb, right-hindlimb, fore-body,
hind-body, and tail) in all recorded videos frames. An example of estimated keypoints overlaid
on top of the corresponding video frame is shown in Fig. [5.2IA (top). To reduce the noise
that could be induced by the pose estimation procedure, we only use the segments for which
DeepLabCut estimation confidence is high enough. We use 8 sessions for training the models
of clustering and classification (2856 segments) and test classification accuracy on 4 other
sessions (393 segments).

Zebrafish. The dataset includes video footage of zebrafish movements and was utilized in [R [21]
for unsupervised behavior clustering using 101 precomputed kinematic features, a procedure
that identified 13 clusters which were manually related to 13 behavior prototypes including:
approach swims (ASs), slow types 1 (S1), slow types 2 (S2), short and long capture swim
(SCS and LCS), burst type forward swim (BS), J-turns, high-angle turn (HAT), C-start
escape swims (SLC), long latency C-starts (LLC), O-bends, and routine turns (RTs), spot
avoidance turn (SAT). In the application of OpenLabCluster to this dataset, we utilize only a
small subset of these features (16 features) and examine whether OpenLabCluster is able to
generate classes aligned with the unsupervised clustering results obtained on full 101 features
(as the ground truth). We use 5294 segments for training and 2781 segments for testing.

C. elegans. The dataset is recorded with Worm Tracker 2.0 when the worm is freely moving.
The body contour is identified automatically using contrast to background from which
kinematic features are calculated and constitute 98 features that correspond to body segments
from head to tail in 2D coordinates, see [R 22] and Fig. [5.2C. Behavioral states are divided
into three classes: moving forward, moving backward, and staying stationary. We use ten
sessions (a subset) to investigate the application of OpenLabCluster to this dataset, where
the first 7 sessions (543 segments) are used for training and the remaining 3 sessions (196
segments) are used for testing.

Monkey. This dataset is from OpenMonkeyStudio repository [R [73] and captures freely
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moving macaques in a large unconstrained environment using 64 cameras encircling an open
enclosure. 3D keypoints positions are reconstructed from 2D images by applying deep neural
network reconstruction algorithms on the multi-view images. Among the movements, 6
behavioral classes have been identified. In contrast to other datasets, this dataset consists
of continuous recordings without segmentation into action clips. We thereby segment the
videos by clipping them into fixed duration clips (10 frames with 30 fps rate) which results in
919 segments, where each segment is ~ 0.33 seconds long. OpenLabCluster receives the 3D
body key points of each segment as inputs. Notably, a more advanced technology could be
implemented to segment the videos as described in [R 271]. Here, we focused on examining
the ability of OpenLabCluster to work with segments that have not been pre-analyzed and
thus used the simplest and most direct segmentation method.

Evaluation Metrics. We evaluate the accuracy of OpenLabCluster by computing the
percentage of temporal segments in the test set that OpenLabCluster correctly associated with
the states given as ground truth, such that 100% accuracy will indicate that OpenLabCluster
correctly classified all temporal segments in the test set. Since OpenLabCluster implements
the semi-supervised approach to minimize the number of annotations for segments, we
compute the accuracy given annotation budgets of overall 5%, 10%, 20% labels to be used
over the possible iterations in conjunction with active learning. In particular, we test the
accuracy when the Top, CS, and MI active learning methods implemented in OpenLabCluster
are used for the selection of temporal segments to annotate.

Benchmark Comparison. We evaluated our method against established animal behav-
ior classification approaches, including both traditional and active learning methods. For
traditional approaches, we compared against K-Nearest Neighbour (KNN) [R 272], support
vector machine (SVM) [R 9], SimBA’s Random Forest Classifier (RFC) [R 266], and VAME
with an additional classifier (VAME+C) [R260].For active learning, we compared our method
to A-SOiD [R 270], which employs RFC with selective sampling. Furthermore, we conducted
ablation studies by evaluating a version of OpenLabCluster without the decoder and explored

alternative architectures by integrating VAME’s encoder-decoder (OpenLabCluster-V) with
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Mouse (8 classes; Keypoints)

Labels (%) 5 10 20 100
Labels (#) 143 286 571 2856
KNN [272] 43.543.9 53.1£1.7 51.5+2.9 | 60.840.0
SVM[9] 50.6£6.0 60.3£2.6 64.6+1.6 | 72.34+0.0
C 55.243.6  60.7+1.7 64.54+2.1 | 71.54+1.0
SimBA [266] 62.243.8  66.5£2.2 69.8+41.2 | 79.840.9
A-SOiD[270] 63.7+£3.9 60.1£3.4  65.5+1.7 | 70.9+0.9
VAME+C|260] 67.44+4.6 75.1£1.8 T77.8+1.3 | 85.2+0.7
OpenLabCluster Top 58.6£2.6 69.2+1.8 76.7+1.2 | 83.840.4
OpenLabCluster MI 65.8+2.8 76.6+0.9 79.1+0.7 | 82.0+0.7
OpenLabCluster CS 66.24+3.1 74.5+1.8 81.5+1.0 | 83.9+0.3
OpenLabCluster-V TOP || 68.3+1.8  75.3£1.8  77.5+£1.2 | 85.6£0.8
OpenLabCluster-V CS 74.4+1.4 T77.7+1.8 81.440.9 | 85.8+0.7
OpenLabCluster-V MI 74.7+1.2 76.1+£1.5 80.1£0.6 | 85.34+0.3

Table 5.1: Classification accuracy of Home-Cage Mouse behaviors for increasing number
of annotated segments (reported as percentage (%)). Top: Classification accuracy of stan-
dard methods: KNN, SVM, C, SimBA, A-SOiD, and VAME+C. Middle: Accuracy of
OpenLabCluster using active learning strategies: CS, Top, and MI. Bottom: Accuracy of
OpenLabCluster with the VAME encoder-decoder (OpenLabCluster-V). Boldface indicates

the best accuracy.

various active learning strategies (CS, TOP, and MI).
Outcomes. The results of evaluation in 5 runs are shown in Tables [5.1] and (.2] and

further analysis in Fig. 5.3 and Fig. [5.4, We summarize the main outcomes of the evaluation
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Zebrafish (13 classes; Kinematics) C. elegans (3 classes; Segments)
Labels (%) 5 10 20 100 5 10 20 100
Labels (#) 265 530 1059 5294 27 55 109 543
SVM[9] 55.8£1.5 63.9£1.2 68.6+£0.5 | 74.0£0.0 | 76.3£0.8  76.4£0.3 74.5+0.6 | 76.0£0.0
KNN [272] 57.2£1.0 60.3£1.1 63.0£0.3 | 69.2+0.0 | 61.0£11.3 71.5£3.4 73.3+£2.6 | 77.0£0.0
VAME+C|260] 62.1+£1.1  67.7£04 70.9+0.5 | 75.2+0.3 || 73.8£3.8 75.7£1l.5 76.6£0.2 | 76.54+0.0
C 65.7£1.6  70.0£0.7  75.8+0.9 | 82.840.1 71.3x4.7 752434  77.5£0.9 | 94.84+0.7
A-SOiID[270] 68.7£0.7  72.3£0.5 74.5x04 | 77.8%+0.1 73.4£5.6 744425 76.6£1.0 | 80.1+1.0
SimBA [266] 69.7£1.0 73.0£0.8 75.9£0.7 | 80.3£0.3 | 68.9£12.7 74.1£4.1 T77.2+2.1 | 83.5£0.6
OpenLabCluster CS 71.9£1.0 76.6£1.0 79.8+£0.6 | 83.240.1 73.5£1.0 64.3%5.1 75.143.1 | 92.8£0.4
OpenLabCluster Top 72.0£1.2  77.1£0.7 80.1+0.7 | 83.5£0.4 || 76.5+0.0  76.5£3.1  77.9£1.1 | 93.0£0.5
OpenLabCluster MI 74.7+£0.7 79.2+0.3 81.1£0.4 | 83.4£0.2 || 76.6£0.2 74.7£3.0 76.9£0.2 | 93.6£0.8
OpenLabCluster-V CS 44.4£1.6 53.5+2.6 64.3£1.3 | 75.1+0.2 65.6£12.6 76.5£0.3 75.4£24 | 76.6£0.2
OpenLabCluster-V TOP | 63.0£1.0 67.8£0.8 71.6+£0.9 | 75.1£0.2 75.8£2.2 76.84+0.2 76.7+0.2 | 76.5£0.0
OpenLabCluster-V MI 65.9+0.7  69.4+0.7 71.9+£0.4 | 75.1£0.3 75.7£1.2  76.8+£0.4 76.8+£0.4 | 76.5£0.0

Table 5.2: Classification accuracy of Zebrafish and C. elegans behaviors for increasing the
number of annotated segments (reported as percentage (%)). Top: benchmark methods KNN,
SVM, and C, SimBA, A-SOiD, VAME+C, C. Middle: Accuracy of OpenLabCluster using
various active learning approaches: CS, Top, and MI. Bottom: OpenLabCluster with VAME
encoder-decoder (OpenLabCluster-V). Best accuracy is highlighted in boldface.

and their interpretation below.

Accuracy of Classification. We observe that the accuracy of classification of OpenLabClus-

ter across datasets is consistently higher than standard supervised classification methods (e.g.,
C, SVM, SimBA) for almost any budget of annotation. Specifically, for the Home-Cage Mouse
Behavior dataset Table [5.1] OpenLabCluster achieves an accuracy of 66.2% when just 143
(5% of 2856) segments have been annotated. Accuracy improves along with the increase in the
number of annotated segments, i.e., accuracy is 76.6% when 10% of segments are annotated,

and 81.5% when 20% of segments are annotated. Compared to C, the encoder-only version of
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Figure 5.3: Relation Between Accuracy and Annotation. A: The amount of annotations
required to achieve 80% accuracy for classification of Home-Cage Mouse behaviors. Computed
for benchmark methods (KNN, SVM, and C, SimBA, A-SOiD, VAME~+C), and variants
of OpenLabCluster with three AL methods (Top, MI, CS). B: Prediction accuracy with
increasing annotation budget on three datasets of Mouse, C. elegans and Zebrafish. C:
Confusion matrix for zebrafish dataset for increasing annotation budget (5%, 10%, 20%,

100%).

OpenLabCluster, the increase in accuracy is of ~ 12% on average, highlighting the importance
of the encoder-decoder structure and active sample selection. While VAME+C which includes
the encoder-decoder and the classifier also shows promise, achieving an accuracy of 67.4%
with 5% annotated samples. It is still inferior to OpenLabCLuster-V which attains 74.7%
under the same annotation budgets. This further illustrates the effectiveness of active learning

for accurate behavior classification with limited labels. To be noticed, although A-SOiD also



73

Keypoints Latent Representation
i .
#!& - "%‘ 2 HJ'
gﬂ&!‘
et ‘-g"b - . ~ Walking
- W BT eGP o anr
CHI DBI
Better X
I 3000 0.9 = Keypoints
“== Latent \
2500 / 0.8 Representation Sitting
2000
w0 / 07
1000
l 0.6

2 4 6 8 10 12Better 2 4 6 8 10 12
Number of clusters Number of clusters

Climbing

Figure 5.4: 2D tSNE projection of behavioral segments. Left, Top: 2D tSNE projection
of keypoints compared with 2D tSNE projection of Latent Representation (Cluster Map).
Left, Bottom: CHI and DBI metrics computed for each projection for increasing number of
clusters. Right: Behavior Classification Map (2D tSNE projection of Latent Representation
with associated behavioral states colors) along with example video frames from segments

associated with each class. Images are reproduced from images in the datset of [73].

integrates active learning for sample selection, its classifier design and the AL method—relying
solely on uncertainty-based selection—Ilimits its performance relative to OpenLabCluster.
Among the active learning (AL) strategies TOP, CS, and MI, both CS and MI outperform
TOP on the Home-Cage Mouse dataset. Notably, while active learning is expected to be
especially effective in sparse annotation scenarios when all segments are annotated (fully
supervised scenario) the accuracy of the OpenLabCluster MI approach exceeds supervised
classification approaches (C) by 12.4% (rightmost column in Table . This reflects the
effectiveness of the targeted selection of candidates for annotation and the use of clustering
latent representation to enhance the overall organization of the segments.

For Zebrafish and C. elegans datasets, OpenLabCluster consistently achieves higher
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accuracy, except when 100% of the C. elegans dataset are annotated, illustrating its general-
izability across various animal behavior datasets. Compared to its encoder-only variant (C),
OpenLabCluster shows an accuracy improvement of around 7.8% on the zebrafish dataset, and
around 2.2% on C. elegans dataset. These gains are less pronounced than on the Home-Cage
Mouse dataset. These could be associated with not having manually identified ground truth
behavior states for Zebrafish and having only 3 classes for the C. elegans dataset which is a
simpler semantic task that does not challenge classifiers. We can indeed observe that when
all annotations are considered in C. elegans dataset, all approaches perform well (above 92%)
and a standard classifier achieves the best accuracy. Unlike the Home-Cage Mouse dataset
results, OpenLabCluster-V generally underperforms OpenLabCluster on the Zebrafish dataset,
while exhibiting comparable performance on C. elegans. Moreover, the CS strategy appears
unsuitable for OpenLabCluster-V in the Zebrafish setting, leading to poorer outcomes.

The Amount of Required Annotations. Since accuracy varies across datasets and depends

on the number of classes and other aspects, we examine the relationship between accuracy
and the number of required annotations. In Fig. 5.3JA, we compute the necessary number
of annotations required to achieve 80% of classification accuracy with benchmark methods,
OpenLabCluster and OpenLabCluster-V on the Home-Cage Mouse dataset. We observe
that AL methods require only 15-20% of annotated segments while methods without pre-
learned sequence representation (KNN, SVM, C, A-SOiD, SimBA) require nine times more
annotated segments than the most optimal active learning approach. Meanwhile, VAME+4-C,
OpenLabCluster, and OpenLabCluster-V reach 80% accuracy with far fewer annotations
overall. Among AL methods, MI and CS allow OpenLabCluster TOP and OpenLabCluster-V
to achieve 80% accuracy with roughly 400 annotated samples. In contrast, TOP selection
alone is less effective, requiring approximately 700 annotations.

We further visualize the effectiveness of pertaining (C vs. OpenLabCluster) under varying
annotation budgets in Fig. [5.3B. We observe that for most cases, OpenLabCluster methods
lead to higher accuracy for a given number of annotations than the counterpart, encoder-only

classifier. The curves indicating the accuracy of various OpenLabCluster AL methods (red,
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green, blue) have a clear gap between them and C curve (darkgray), especially in the mid-
range of the number of annotations. However, the improvement of OpenLabCluster over C
is less pronounced on the C. elegans dataset, likely due to the dataset’s relative simplicity.
In Fig. 5.3C, we further examine class-wise confusion matrices for the Zebrafish dataset
on 4 annotation budgets (5%, 10%, 20%, 100%). From visual inspection, it appears that
the matrix that corresponds to 20% annotations is close to the matrix that corresponds to
100% annotations. This proximity suggests that the annotation of the full dataset might be
redundant. Indeed, further inspection of Fig. [5.3|C, indicates that samples annotated as LCS
and BS classes (y-axis) by the unsupervised learning method are likely to be predicted as the
LLC (x-axis) by OpenLabCluster. One possibility for the discrepancy could be annotation
errors of the prior clustering method, which are taken as the ground truth. Re-examination
of the dynamics of some of the features (e.g. tail angle) further supports this hypothesis
and demonstrates that the methods in OpenLabCluster can potentially identify the outlier
segments whose annotation settles the organization of the Behavior Classification Map.

Organization of the Latent Representation. Our results indicate that the Latent Representa-

tion captured by the OpenLabCluster encoder-decoder and the classifier are able to better
organize behavioral segments in comparison to direct embeddings of body keypoints. We
quantitatively investigate such an organization with the Monkey dataset, for which ground
truth annotations and segmentation are unavailable. Specifically, we obtain the Cluster Map
of the segments with OpenLabCluster and then annotate 5% of segments through active
learning methods which further train the encoder-decoder and the classifier, generating a
revised Cluster Map. We then depict the 2D tSNE projection of the Latent Representation
and compare it with the 2D tSNE projection of body keypoints in Fig. Indeed, it can be
observed that within the Cluster Map, segments are grouped into more distinct and enhanced
clusters. To measure the clustering properties of each embedding, we apply clustering metrics
of Calinski-Harabasz (CHI) [R 273] and Davies-Bouldin (DBI) [R 274]. CHI measures the
ratio of inter- and intra-cluster dispersion, with larger values indicating better clustering.

DBI measures the ratio of inter-cluster distance to intra-cluster distance, with lower values
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indicating better clustering. CHI and DBI are shown in the bottom left of Fig. considering
the various number of clusters (2, 4, 6, 8, 10, 12). The comparison shows that the CHI index
is higher for the Cluster Map than the embedding of the keypoints regardless of the number
of clusters being considered and is monotonically increasing with the number of clusters. The
DBI index for the Cluster Map is significantly lower than the index of the embedding of the
keypoints for up to 10 clusters with the minimum at 6 and 10 clusters. This is consistent with
the expectation that clustering quality will be consistent with the number of behavioral types.
Indeed in these behaviors, there are 6 major behavioral classes that can be identified and
possibly several transitional ones. We show in Fig. (right) the Behavioral Classification
Map generated by OpenLabCluster along with frames from representative segments of each

class.
5.3 DMaterials and Methods

Existing approaches for behavior classification from keypoints are supervised and require
annotation of extensive datasets before training [R [10, [I1]. The requirement limits the
generalization of classification from one subject to another, from animal to animal, from a
set of keypoints to another, and from one set of behaviors to another due to the need for
re-annotation when such variations are introduced.

In contrast, grouping behavioral segments into similarity groups (clustering) typically
does not require annotation and could be done by finding an alternative representation of
behavioral segments reflecting the differences and the similarities among segments. Both
classical and deep-learning approaches address such groupings [R 211, 249]. Notably, clustering
is a ‘weaker’ task than classification since does not provide the semantic association of groups
with behavioral classes, however, could be used as a preliminary stage for classification. If
leveraged effectively, as a preliminary stage, clustering can direct annotation to minimize the
number of segments that need to be annotated and at the same time to boost classification
accuracy.

OpenLabCluster, that is primarily based on this concept, first infers a Cluster Map and
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Figure 5.5: Latent Representation is learned by performing the reconstruction task using
an encoder-decoder structure. Latent vectors (last state of the encoder) are projected onto
low dimensional space with various dimension reduction techniques to visualize the Latent
Representation which constitute the Cluster Map. Mouse images are reproduced from frames

of videos in the dataset of [9].

then leverages it for automatic selection of sparse segments for annotation (active learning)
that will both inform behavior classification and enhance clustering. It iteratively converges
to a detailed Behavior Classification Map where segments are grouped into similarity classes
and each class is homogeneously representing a behavioral state. Below we describe the
components.

Clustering The inputs into OpenLabCluster denoted as X', are sets of keypoints co-
ordinates (2D or 3D) or kinematics features for each time segment along with the video
footage (image frames that correspond to these keypoints). Effectively, each input segment of
keypoints is a matrix with the row dimension indicating the keypoints coordinate, e.g. the

first row will indicate the x-coordinate of the first keypoint and the second row will indicate
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the y-coordinate of the first keypoint and so on.

The first stage of OpenLabCluster is to employ a Recurrent Neural Network (RNN)
encoder-decoder architecture that will learn a Latent Representation for the segments as
shown in Fig. . The encoder is composed of m bi-directional gated recurrent units (bi-
GRU) [R [159] sequentially encoding time-series input into a Latent Representation (latent
vector in R™ space). Thus each segment is represented as a point in the Latent Representation
R™ space. The decoder is composed of uni-directional GRUs that receive as input the latent
vector and decode (reconstruct) the same keypoints from the latent vector. Training optimizes
encoder-decoder connectivity weights such that the reconstruction loss, the distance between
the segment keypoints reconstructed by the decoder and the input segment, is minimized.
This process reshapes the latent vector points in the Latent Representation space to better
represent the segments similarities and distinctions. In great details, We adopt the Predict &
Cluster encoder-decoder framework which has been shown to achieve self-organizing latent
representations [R [105] 106]. The encoder uses bidirectional Gated Recurrent Units (GRU)
and receives X; € X as input. The vector h! is the latent representation which is the hidden
state of the encoder GRU at the last time step T'. It encodes the dynamic properties of the
whole sequence x; and lies in the latent space V', where V' = {h! |h] = encoder(X;),X; € X},
i.e., the space spanned by the latent codes of all sequences. The unidirectional GRU-based
decoder receives h and generates X; - the reconstruction of the original input sequences.

The encoder-decoder network is trained by minimizing the reconstruction loss
Ere == |Xz - X,L’ (51)

To visualize the relative locations of segments in the Latent Representation, OpenLab-
Cluster implements various dimension reductions (from R™ — R? or R™ — R?), such as
PCA, tSNE, UMAP, to obtain Cluster Maps, see Fig. [5.5bottom. Thus each point in the
Cluster Map is a reduced-dimensional Latent Representation of an input segment. From
inspection of the Cluster Map on multiple examples and benchmarks, it can be observed

that the Latent Representation clusters segments that represent similar movements into the
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same clusters, to a certain extent, typically more effectively than an application of dimension

reduction techniques directly to the keypoints segments [R [105], T06].

Behavior Classification with Active Learning
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Figure 5.6: Behavior Classification Map is generated by a fully connected classifier network
(green rectangle) which receives the latent vector transformed by the encoder-decoder as input
and classifies them into behavior classes (example shown: 8 classes in Home-Cage Mouse
Behavior dataset). Behavioral Classification Map is generated from the Cluster Map and

indicates the predicted classes of all segments.

Classification. To classify behavioral segments that have been clustered, we append a

classifier, a fully connected network, to the encoder.

The training of the classifier is based on segments that have been annotated and minimizes

the error between the predicted behavioral states and the behavioral states given by the
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annotation (cross-entropy loss). It takes Latent Representation as input and generates the
probabilities that a sample belongs to each behavioral states. During training, the classifier
is learned to maximize the probability of the annotated behavior state. In other words, with

the annotated samples given the classifier output, the classification loss is computed as
c
e = Y —ytlog(p(Xy)), (5:2)
=1

where 3! = 1 if X; belongs to class [, and y} = 0 otherwise. The complete loss for each sample
X, is then composed from the reconstruction loss £i, and the classification loss £, for the

cla

annotated samples.

L= Lutig 3 L (53)

Xi€X, XX
where |X| is the total number of samples in the dataset. This includes all labeled samples
annotated in current and earlier iteration. When the annotated segments well represent the
states and the clusters, the learned knowledge is transferable to other unlabeled segments.
Active Learning methods such as Cluster Center (Top), Core-Set (CS) and Marginal Index
(MI) aim to select such representative segments by analyzing the Latent Representation. Top
leverages clusters information in the latent space to enhance coverage and effectiveness of
selected segments (samples). Specifically, K-Means clustering is used to transform the latent

representation into a collection of clusters K. The number of clusters &

1

L=
Niter

X percentage X |X|, (5.4)

is chosen based on the total number of selection iterations N, and the percentage of data
would be annotated in total. £ is fixed across selection iterations such that k is the number of
samples to be annotated and each is located in a different cluster. This approach is effective
at the initial stage. MI is an uncertainty-based selection method, selecting samples that
the network is most uncertain about. The uncertainty is measured based on the classifier

outputs and measures the top two difference between the classifier outputs. The probability
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prediction p of each class [ is
P(Xi) = p' (9 = [|Wo, Ws) = C'(Xa),

where p' denotes the probability of a sample to belong to a class [ among C' classes (I € [1,C])
predicted by the classifier C. C indicates the transformation with the classifier. MI is computed
as the measure of the confidence, difference between the most probable class and the second
most probable class [R 150} 151], i.e.,

MI = ( ’) _ ( l), 5.5
e \P) = nax (P (5:5)

where [* = arg max;ci.c (pl) CS aims to discover a set of samples that can cover unlabeled
samples with a certain radius [R [134]. The algorithm finds a set of samples such that the
radius is minimal. Once segments for annotation are chosen by the active learning method,
OpenLabCluster highlights the points in the Cluster Map that represent them and their
associated video segments, such that they can be annotated within the graphic interface of
OpenLabCluster (choosing the most related behavioral class). When the annotations are
set, the full network of encoder-decoder with appended classifier is re-trained to perform
classification and predict the labels of all segments. The outcome of this process is the
Behavior Classification Map which depicts both the points representing segments in clusters
and associated states labels with each point (color) as illustrated in Fig. . In this process,
each time that a new set of samples is selected for annotation, the parameters of the encoder-
decoder and the classifier are being tuned to generate more distinctive clusters and more
accurate behavioral states classification. The process of annotation and tuning is repeated,
typically until the number of annotations reaches the maximum amount of the annotation
budget, or when clustering and classification appear to converge to a steady state.
Implementation Details. OpenLabCluster code [Jingyuan 4] was developed in Univer-
sity of Washington UW NeuroAl Lab by Jingyuan Li and Moishe Keselman. OpenLabCluster
interface is inspired by DeepLabCut [R[68], which code is used as a backbone for user interface

panels, interaction with the back-end, logging, and visualization. OpenLabCluster also uses
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Google Active Learning Playground code [R 275] for the implementation of the K-center selec-
tion method in the Core-Set active learning option. For specific usage please see the third_party
folder within the OpenLabCluster code repository [R [4]. OpenLabCluster is available as a
GitHub Repository (OpenLabCluster) https://github.com/shlizee/OpenLabCluster| and
also can be installed with Package Installer for Python (PIP) pip install openlabcluster [6].
The repository includes a manual, instructions, and examples.

Benchmark Details. As described earlier, OpenLabCluster summarizes keypoints or
kinematic features of a temporal segment into a latent representation and then classifies the
behavior using this summarized representation. This approach captures the intrinsic dynamics
of short behavior prototypes, in contrast to benchmark methods that compute movement
features at each timestep via predefined protocols [R 12, 270] and classify behavior on a per-
timestep basis. To ensure fair comparisons, we concatenated frame-wise features within each
segment and applied each frame-wise classification method to the concatenated representation.
Specifically, for KNN [R 272], SVM [R 9], and A-SOiD [R 270], we concatenated the frame-
wise features of each action segment and then used each method’s proposed classifier for
behavior recognition. For SimBA [R 266], we extracted movement features from each
frame and integrated them with pose-based features. The final representation is formed by
concatenating these integrated features across all timesteps within the segment. VAME [R
260] most closely resembles OpenLabCluster by learning the unified representation of entire
sequences. In VAME+C, we pre-train VAME, add a classifier to its latent feature (which
encodes the temporal segment’s dynamics), and fine-tune it using a classification loss. For
the Home-Cage Mouse, Zebrafish, and C. elegans datasets, sequences are pre-segmented
so that each segment contains a single behavior prototype. For the OpenStudio Monkey
dataset, which is continuously recorded, we split the videos into fixed temporal windows.
More advanced approaches, such as change-point detection algorithms [R 2706, 277], could

also be applied to segment the video.
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Chapter 6

BRAIN DECODING WITH CONTEXT-AWARE NEURAL
REPRESENTATIONS AND LARGE LANGUAGE MODELS

The following Chapter is adapted from work [5], which is under review in Journal of

Neural Engineering to align with the structure of the thesis.
6.1 DMotivation

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 [R[6], handwriting [R 278], text [R 119, 13| 14], and synthesized speech [R [14].

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 [R [13], 14, 279]. 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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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.

vocabularies a limited set of training examples [R [14], 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. Indeed,
prior works and state of the art methods show that such an intermediate step is advantageous
R 13, [14], 279].

While decoding single phonemes from neural activity may offer more scalability than
direct decoding of words, it remains a challenging task. Given the instability of neural
recordings, the mapping from neural recordings to phonemes is many-to-one and highly
nonlinear. Furthermore, evidence suggests that cortical activation patterns producing a
particular phoneme are not static, but can vary depending on the context of surrounding
phonemes, a phenomenon known as coarticulation [R5 [16]. 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 [R 280] -
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
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decoding. Hence we propose to decompose the phoneme classification task into the subtasks
of 1) diphone classification, after which 2) 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 [R [13, (14, 281]. Notably, [R 281] further uses
GPT3.5 [R[127] 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 [R 281] to include decoded phonemes alongside transcription candidates, which proves
to provide extra information for GPT3.5 to infer the correct transcription. In addition, 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
transcription accuracy in resource-constrained settings.

In summary, our contributions in this work are as follows:

e 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. The divide-and-conquer strategy can serve as an adaptable

component for various neural decoders in brain-to-text decoding.

e 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
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Figure 6.2: A: Illustration of the brain-to-phoneme decoding pipeline (DCoND). A Neural-

Decoder 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).

(DCoND-LIFT), offering a more efficient solution for resource-constrained brain-to-text

systems.

e We demonstrate the effectiveness of our approaches on the Brain-to-Text 2024 bench-

mark, where our approach outperforms existing state-of-the-art (SOTA) approaches

and achieves PER of 15.34% and WER of 5.77%, a significant improvement compared
to 8.93% WER of the leading existing SOTA method.
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6.2 DMethods

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*V*P to
phoneme sequence z € ZT', where D is the number of neural features, T is the number of
neural time bins, and 7” 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
to the nature of the silent speech task. Both 7" and 7" vary across trials depending on the
length of the sentence in that trial. We aim to learn a model fy : X — z to approximate f
with a set of parameters 6, through a deep Neural-Decoder model.

For the Neural-Decoder, we employ an GRU recurrent neural network model together with
Connectionist Temporal Classification (CTC) loss as the optimization objective. Previous
work investigated various architectures for the Neural-Decoder and demonstrated that GRU
shows superior performance [R 13} 282]. In particular, we reconfirm the previous results of
effectiveness of GRU vs. other architectures such as Transformers. Notably, the proposed
divide-and-conquer strategy is adaptable to various decoder architecture and is designed
to enhance the decoding performance of the any decoder that has been chosen. Decoded
phonemes z can be subsequently translated to sentences y with the help of a language model
hg : z — 'y, where hy can be a pre-built statistical language model, e.g. 3-gram, 5-gram, or

an LLM, e.g. GPT3 [R127]. The overall pipeline is depicted in Figure

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 [R [I5, [16]. We illustrate this observation in
Figure[6.3| 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 representing
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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 [6.3.4]). Learning to model these context-aware sub-units
of speech instead of single phonemes directly could facilitate the phoneme decoding task.

Concretely,

FX) = p(z|X) =) p(z81X) = gi(X) (6.1)

ses ses

where s is a random variable denoting the context surrounding the phoneme z. For simplicity
of notation, here we consider the prediction of z at a single time step, i.e. 7" = 1. z takes
discrete values from phoneme classes, i.e. z € [1,C]. The problem of learning single phoneme
classes (f) now reduces to the problem of learning the phoneme context-dependent subclasses
(g%), 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-—-O0OW, OW->0W, OW-—-P P—P P—SIL.

where "SIL’ indicates the silence between the words. Diphone expands the length of phoneme
sequence to T” = 27", where T/ and T indicate the lengths of single phonemes and the
diphone respectively, and increases the number of decoding classes to C?, where the number

of classes C' = 40 for the English languagdT|

lthe phonemes are defined as per CMU Pronouncing Dictionary: http://www.speech.cs.cmu.edu/
cgi-bin/cmudict/
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Formally, we reformulate the problem of decoding a phoneme from neural activity as the

marginalization over the distribution of diphones,conditioning on the observed neural activity

p(z=c¢|X) = Zp ¢, ¢l X),

c; €S

where p(c;, ¢;|X) is the probability of neural activity X encoding the diphone ¢; — ¢;. A
visualization of the marginalization process is shown in Figure [6.2JA. Neural activity is
processed by a Neural Decoder to predict the probability of 40? diphones being spoken at each
timestep. The diphone probability is depicted by a 40 x 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.

Parameter Optimization for Phoneme Decoding As mentioned above, since there is
no temporal alignment between T" timesteps of neural activity and 7”7 ground truth phonemes
in each trial, we therefore use the Connectionist Temporal Classification (CTC) loss as
proposed in [R 283] to resolve the unaligned sequences comparison. Specifically, for neural

activity X and phoneme sequence Z, CTC aims to maximize the probability of Z given X

> elXx), (6.2)

aEA(X’z) t=1

where A(x ) is the set of valid alignments between X and z.
Given 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=aLl.+(1—a)L (6.3)

where L. = — log(zaeA(X . Hthll pm(ar] X)) is the loss for single phoneme decoding, £, =
—log(>" e Axs) Hthul p(a] X)) defines the loss over subclasses (diphone) decoding.
Coeflicient a controls the balance of the single phoneme decoding and diphone decoding.

a is designed to be small at the beginning and gradually increase over the course of training.
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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 [R 178 [13]. 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) [R 284], could provide more accurate likelihood of the
generated transcriptions. Hence, we use OPT to re-score the 5-gram likelihood outputs. The
transcription candidates with the highest likelihoods are selected[R [13].

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 [R281] 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 Fig6.2] By finetuning the LLM in this manner, we train

it to infer the relationship between predicted phonemes and the predicted transcriptions, as
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well as identifying common model-specific mistakes made by the phoneme decoders across
their predictions. We show in Section 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 (10x predictions, 1x 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.
6.3 Experiments

6.3.1 Dataset

We demonstrate the effectiveness of DCoND-LIFT in decoding attempted speech using the
Brain-to-Text Benchmark 2024 [R 13}, 285]. 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.

6.3.2 FEvaluation 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
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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 Similarly 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 the neural
decoder and the language model.

P-WER We adapt Perceptual Word Error Rate (P-WER) [R [14] to measure the quality
of phoneme decoding at the word perception level. Specifically, we use eSpeak-NG [R [280]
to synthesize speech from the decoded phoneme sequences. Then the synthesized speech is
translated into sentences by Whisper [R 287] 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

1— WERWhisper—P

P-WER = (1 — ,
( 1— WERWhisper-GT

where WERw hisper—ar and WERwpisper—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.

6.3.3 Comparison with SOTA Methods

Comparison of DCoND-LIFT performance with existing methods shows that DCoND-LIFT
achieves state-of-the-art performance on the Brain-to-Text Benchmark 2024, where WER is
the primary evaluation metric (see Table . Specifically, we compared DCoND-LIFT with
the leading methods NPTL [R[13] and LISA [R 281]. NPTL uses a 5-layer RNN to decode
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Table 6.1: Performance comparison on Brain-to-Text 2024 Benchmark

PERx100 ] WERx100] P-WERX100 |

NPTL [R I3] 16.62 9.46 11.33
LISA [R 281] - 8.93
DCoND-L (Ours) 15.34 8.06 8.02
DCoND-LI (Ours) - 7.29
DCoND-LIFT (Ours) - 5.77

neural activity to phonemes, followed by a combination of 5-gram and OPT language models
[R [I78], 284] to translate decoded phonemes to texts. LISA also uses RNN as phonemes
decoder from neural activity, however it leverages GPT3.5 to further improve transcriptions
given by the 5-gram model.

As seen in Table[6.1, DCoND model variants outperform the competing methods. 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. Given that DCoND-L uses the same backbone,
RNN decoder and LMs, as NPTL, we posit that the improvements in WER are due to
the effectiveness of our proposed 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).

Further improvement in WER is achieved 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 with all available training examplars (DCoND-
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LIFT), WER is further boosted to 5.77%, a significant improvement from 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.

6.3.4 Phoneme Decoding Analyses

Neural activity represents phonemes in context-dependent clusters Previous works
demonstrate that the decoding accuracy of phonemes from neural activity could be reduced
when phonemes are pronounced in the context of other phonemes as opposed to being
pronounced individually [R [16]. To get a glimpse of how the brain encodes phonemes, in
Fig. we visualize phoneme-aligned segments of neural activity in the 2D t-SNE space
[R288]. 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 [R 289]. 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, corresponding 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 the phoneme ‘AH’. We note that further subclusters could exist within
each subcluster, suggesting a continuum of finer contexts beyond the preceding phoneme.
Diphone decoding leads to enhanced clusters in latent space We visualize in
Figure and the latent space at the last layer of the neural decoder when trained to
decode single phonemes (monophones) vs. diphones. In Figure , each color represents a
single decoded phoneme label. For clarity of the visualization, we selected five single phoneme

classes with the most samples. The clusters that correspond to single phonemes appear to
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spread out over the whole space, and overlap with each other. In Figure [6.3D, 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 [6.3B, we show the confusion matrix
of the predicted phonemes and the ground truth phonemes. It can be seen from the figure
that most phonemes are correctly classified with accuracy greater than 80%. The mistakes
that 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 ability of

the subject to articulate the desired words clearly.

6.3.5 Ablation Study

Trade-off Between Diphone Loss and Monophone Loss We systematically investigate
the trade-off between diphone loss £. and monophone loss L, controlled by the parameter «
in Equation [6.2] The impact of varying « on model performance is shown in Table We
find that a balance between these two losses, with a = 0.6, yields the most optimal results.

Consequently, we adopt a = 0.6 for all DCoND models used in this paper.

Alternatives for context-dependent phoneme representations Besides diphone,
triphone is another way to define context-dependent representations for phonemes. Each
triphone class consists of three consecutive phonemes, e.g. H — OW — P, providing a
finer granularity of context dependency with 403 possible classes. Such a large number of

classes can be overwhelming for the model to learn. Given that many of them have few to no
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Figure 6.3: 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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Table 6.2: Trade-offs between diphone loss and monophone loss.

a=02 a=04 a=06 a=08 a=1.0
(DCoND-L) (NPTL)
PERx100 ] 15.64 15.26 15.34 15.49 16.62
WERXx100 | 8.47 8.70 8.06 8.64 9.46

Table 6.3: Ablation study on alternative definitions of context-aware phoneme representations.

Triphone

DCoND-LL K=50 K=100 K=200 Grouping

PERXx100 | 15.34 16.01 15.02 15.11 28.55
WERX100 | 8.06 9.69 9.67 9.81 13.98

presence in the data, to efficiently maintain a manageable size of decoding classes we select
the top K combinations of preceding and succeeding phonemes for each main phoneme, e.g.
*x — OW — %, based on their frequency of occurrence in the data, where K € [50, 100, 200].
Alternatively, the preceding and succeeding phonemes could be grouped based on their
articulatory similarity. Specifically, 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, OwW, P

for “hope”, can be transferred to triphone

“SIL—-H—-0W, H—-O0OW —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:
fl@)=pZ=c|X)= > plecicglX)
¢;€C,cq€C

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 c¢; to phoneme ¢; and concluding at phoneme
¢q- By summing over the first and last dimensions, we obtain p(Z = ¢;|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
¢;, we rank all possible combinations of *— > ¢;— > % and retain the top K as subclasses for
the phoneme class ¢;.

Additionally, aside from selecting the top K subclasses, an alternative approach involves
grouping phones according to articulation similarity [R [119]. This categorization leads to
subclasses of the phoneme ¢; as group;— > ¢;— > group,. 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 1440 14, which is comparable
to the number of classes when K = 200 (resulting in a total of 200*40 subclasses).

Results in Table [6.3] suggest that triphone with appropriate class size achieves comparable
PER as the diphone counterpart (DCoND-L). However, triphone modeling underperforms
diphone modeling in terms of WER, possibly due to the reduction in the triphone class
size that is potentially skewing the phoneme distribution output of the neural decoder,
making it incompatible with the distribution the subsequent 5-gram model was originally

trained on single phoneme. Notably, while the grouping method despite yields a class size
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similar to that of K = 200, it performs signficantly worse in both PER and WER. This
implies that neural encoding of phonemes is more intricate, and grouping phonemes based on
pronunciation similarity may not be optimal. Overall, we empirically find that diphone, with
its context-dependent nature and manageable class size, as the most suitable modeling choice

for this task and dataset.

Contribution of LLMs LLMs play an im-

portant role in translating phonemes into sen-

tences. As detailed in Section our LLM- 5
DCoND-L-
based phoneme-to-text pipeline consists of DCOND-LIS
DCoND-LI15-
three steps: (i) transcription generation (5- DCOND-LIZS
DCoND-LIFT w/o P
DCoND-LIFT

gram), (ii) transcription re-scoring (OPT),
(iii) error correction via ensemble with ICL
GPT3.5 or finetuned GPTS3.5. We show in
Figure 6.4/ how each step of the LLM pipeline

Figure 6.4: Ablation study on the contribution
of LLMs.

contributes to the overall WER. In partic-

ular, we consider the following variants of LLMs, as an added component to DCoND:
5-gram+OPT as used in NPTL (DCoND-L), 5-gram+OPT+ICL GPT3.5 with context
length of 5 (DCoND-LI5), context length of 15 (DCoND-LI15) and context length of 25
(DCoND-LI25), 5-gram+OPT+finetuned GPT3.5 without phoneme inputs (DCoND-LIFT
w/o P), and our most performative model — 5-gram+OPT+ finetuned GPT3.5 with phoneme
inputs (DCoND-LIFT). We show that the use of GPT3.5 to refine the transcriptions from
an ensemble of candidates, selected from the highest re-scored likelihood given by the 5-
gram~+OPT step, leads to an improvement in WER. The most optimal WER is achieved when
GPT3.5 fully leverages the predicted phonemes to refine query transcriptions (DCoND-LIFT).
In an ablated version, where limited ICL exemplars are given to GPT3.5 without fine-tuning
(DCoND-LIxx), the WER score is enhanced when compared to the baseline (DCoND-L), but
does not fully reach the accuracy of DCoND-LIFT. Such disparity between the two modes
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WER
6 8 10 12
DCoND-3gram ——11.79
DCoND-5gram —10.05
DCoND-L ~8.39

Figure 6.5: Ablation study on the contribution of re-scoring step in the phoneme-to-

transcription pipeline.

of LLM effectiveness is expected since the two modes are designed for different operational
regimes: DCoND-LI is applicable in scenarios with fast inference and constraints on response

time, while DCoND-LIFT is applicable in scenarios in which such constraints do not exist.

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
. 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 model with longer phoneme

dependency generates more accurate transcription candidates compared to the 3-gram model.

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: GPT-3.5 vs Llama-3.1-70B for error correction from ensemble of transcriptions

Llama-3.1-70B WER GPT 3.5 WER

DCoND-LI 7.38 7.29
DCoND-LIFT 6.85 D.77

Table 6.5: Comparison of different model architectures on phoneme decoding performance

PER

Transformer LSTM GRU
NPTL 3958 = 0.15 1749 +£ 0.32 16.63 = 0.19
DCoND 38.88 & 0.17 16.08 & 0.23 15.44 + 0.46

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).

6.3.6 Implementation Details

We preprocess the neural signal and construct an RNN neural encoder following the method-
ology outlined in [R[I3]. The raw neural signal X € RT*? is initially partitioned into smaller
patches with a window size of W, resulting in a patched neural signal of shape X € RT'*(PW),
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
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these patched neural signals as inputs, which are subsequently transformed into the neural
representation space H = [hy, hg, -+, hp/] € RT'*d A fully connected layer then maps the
hidden representations to diphone or triphone subclasses, denoted as P(S = s;|X). The
outputs of the fully connected layer are used to compute L£;. The computation of single
phoneme probabilities is detailed in Equation [6.2] 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 [R [13]. 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 ¢ using the formula logits := logits/t. Through experi-
mentation, we have found that setting ¢ = 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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Chapter 7
CONCLUSION

This thesis investigates methodologies aiming to facilitate the deciphering of neural
mechanisms underlying behavior by examining neural activity and behavioral observations.
Considering these two modalities together is beneficial since neural activity reflects brain
states and behavioral metrics. Leveraging large-scale recordings of neural and behavioral data,
we introduce novel methodologies for analyzing these recordings and examine key factors that
facilitate a robust mapping between neural signals and behavioral observations.

For neural recording analysis, we present an adaptive, additive, and multiplicative graph
neural network (AMAG) to forecast future neural signals from historical data (Chapter 3).
The proposed method incorporates two key innovations: (1) a forecasting task that learns
neural dynamics in a biologically plausible, causal manner—each representation relies solely
on past and current signals—and (2) an effective modeling of across-neuron interactions using
two learnable adjacency matrices.

The success of AMAG stems from integrating the forecasting task with a graph neural
network. This forecasting task utilizes the learnable adjacency matrices to discover the
optimal organization for controlling information flow between recording channels, thereby
enhancing the prediction of future neural activity. Moreover, the resemblance between
GNN architecture and network-level neural coding facilitates the recovery of underlying
neural dynamics. Validation on both synthetic datasets—with known ground-truth channel
connections—and neural recordings from macaque monkeys during hand-reaching movement
(via microelectrode arrays and pECoG arrays) demonstrate that our approach not only
predicts future activity and identifies critical recording channels for prediction but also yields

adjacency matrices that reflect the spatial organization of the recording array. Additionally,
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AMAG provides additional insight into the alignment between neural trajectories and their
corresponding behavioral stage in latent space.

While AMAG effectively illustrates aligned neural trajectories in latent space during struc-
tured hand-reaching behavior, analyzing neural representations in less structured behaviors
will require further development of efficient behavior analysis approaches. We have addressed
the efficient identification of behavioral states in Chapter 4. In this chapter, we introduce an
active-learning-based, semi-supervised action recognition (AL-SAR) approach that classifies
behavioral states from skeleton keypoint sequences with minimal human annotation while
maintaining high accuracy. The AL-SAR system operates in two stages. In the first stage,
unsupervised behavioral representation learning constructs a structured latent space. In the
second stage, an active-learning-enhanced classification process selects informative samples
for annotation and subsequent classifier training. Specifically, the AL selection process
accounts for both samples’ position within the latent space and the classifier’s uncertainty, as
quantified by a marginal index (MI). To enhance the reliability of MI estimation, we introduce
a multi-head mechanism that leverages multiple fixed random initializations to augment
the latent space and mitigate classifier overconfidence. Throughout iterative training, this
mechanism consistently identifies samples that differ from those previously annotated and
for which the model exhibits high uncertainty, thereby maximizing the information gained
from each annotation. Evaluations of three human benchmark datasets demonstrate that our
active-learning strategy outperforms existing methods. Furthermore, AL-SAR’s plug-and-play
nature enables its integration with advanced unsupervised techniques, such as SC3D, which
further enhances the behavior identification accuracy on benchmark datasets.

Building on the behavior analysis framework from Chapter 4, Chapter 5 extends these
methodologies to develop OpenLabCluster, a novel toolset for the quantitative analysis of
animal behavior from video recordings. OpenLabCluster automatically clusters behavioral
segments and assigns them to classes by analyzing body keypoints that capture pose and
movement across frames. Its efficacy arises from an unsupervised pre-training phase using an

encoder-decoder network, combined with actively selected annotated samples, and is further
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enhanced by a graphical user interface that enables scientists without deep learning expertise to
annotate samples, train models, and inspect results. We evaluate OpenLabCluster on datasets
from freely behaving species, including Home-Cage Mouse, Zebrafish, C. elegans, and Monkeys,
and demonstrate that, for datasets with ground-truth labels, its classification accuracy exceeds
that of direct deep classifiers even under constrained annotation budgets. Further study
on the Monkey dataset provided a significant demonstration of OpenLabCluster identifying
behavioral representations. These results underscore the generalizability of OpenLabCluster.
The methodologies discussed in Chapters 3-5 have thus far addressed neural and behavioral
recordings independently.

In Chapter 6, we bridge these modalities by investigating the extraction of behavior-relevant
neural representations from brain recordings, thereby establishing an accurate mapping from
neural signals to behavioral states. We demonstrate that fine-grained behavior catego-
rization, when precisely aligned with neural representations, enhances neural-to-behavior
mapping—particularly in brain-to-text decoding. Specifically, we introduce a Divide-and-
Conquer approach for Neural Decoders (DCoND), integrated with an LLM-enhanced ensemble
method (comprising LI and LIFT), to transform neural signals into phonetic units and ul-
timately into text. Unlike conventional neural decoders that decode single phonemes, our
method accounts for the co-articulation effect by treating diphones (transitions between con-
secutive phonemes) as decoding targets, thereby introducing a more detailed behavior-neural
correspondence. To mitigate the complexity arising from a larger number of diphone classes,
the marginalization step is incorporated into the divide-and-conque algorithm. Subsequent
refinement is achieved through n-gram models, rescoring techniques, and error correction
using large language models. Experimental results on the Brain-to-Text 2024 Benchmark
indicate that our best model, DCoND-LIFT, significantly outperforms existing baselines,
underscoring the potential of LLM-based enhancements for more accurate brain-computer
interfaces.

Throughout this thesis, the primary contributions lie in the development of biologically

realistic and efficient methodologies, including the Neural Encoder, Behavioral Encoder, and



106

Neural Decoder. These approaches establish a robust connection between neural and behav-
ioral signals, enhancing the performance of brain-computer interfaces (BCIs) for movement
restoration. Future work could extend these methods to model discrete behavioral states with
high temporal resolution, enabling a more precise understanding of neural representations
associated with these states. This, in turn, would facilitate the discovery of collective neural

dynamics underlying complex behaviors at a fine-grained temporal scale.
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