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Abstract

Sleep Spindle Detection from Electroencephalography via Sleep Foundation
Models by Alexis Bollengier, Master in Electrical Engineering, Focus Electronics and
Information Technologies, Université libre de Bruxelles, academic year 2025-2026.

Sleep spindle analysis offers quantitative insights into sleep physiology. However,
large-scale studies require reliable automatic detection and precise event localization.
Sleep foundation models generate pretrained representations from extensive polysomno-
graphic datasets, yet their token-level temporal representations may be too coarse for
the dense localization of brief electrophysiological events.

This thesis examines the adaptation of a pretrained sleep foundation model for dense
sleep spindle detection from EEG data. The proposed architecture employs a frozen
SleepFM encoder to supply contextual temporal information and incorporates a task-
specific frequency branch to preserve localized spectral structure. These representations
are integrated using residual cross-attention, after which a dense decoder maps the fused
representation to sample-level predictions.

Experimental results indicate that the pretrained temporal representation alone lacks
sufficient localization information, while the frequency representation provides the fine-
grained evidence necessary for accurate event reconstruction. The final model achieves
an event-level F1 score of 0.7950 at IoU 0.2 on the held-out OPA test set and achieves
the highest F1 score among the evaluated methods under the common OPA protocol,
outperforming BLAST and SUMO. However, cross-dataset experiments demonstrate
that superior in-domain performance does not necessarily result in stronger generaliza-
tion, and transfer is strongly influenced by the annotation source. These findings suggest
that adapting sleep foundation models to dense event detection requires using pretrained
temporal representations as contextual information while preserving local temporal and
spectral information below the token scale.

Key words: Sleep spindle detection, Electroencephalography, Foundation models, Deep
learning, Time-frequency modeling, Temporal localization.
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Chapter 1

Introduction

1.1 Motivation and Context

Sleep spindles offer quantitative insights into brain activity during sleep and are asso-
ciated with cognitive processes, including memory consolidation [1]. These oscillatory
events facilitate memory stabilization by coordinating with slow oscillations and hip-
pocampal ripples [2]. Because they are generated by the thalamocortical circuit, spindle
characteristics reflect the integrity of that circuit. Changes in spindle characteristics have
been reported in neuropsychiatric conditions such as schizophrenia [1] and major depres-
sive disorder [3]. They have also been reported in sleep disorders such as obstructive
sleep apnea [4]. Consequently, accurate sleep spindle detection enables the reliable quan-
tification of these electrophysiological biomarkers and may support the characterization
of neurological and sleep-related disorders.

Accurate extraction of these measures depends on the precise identification and lo-
calization of individual spindle events in electroencephalographic recordings. Manual
expert annotation is time-intensive. It does not scale to large sleep studies. It is also
subject to variability in event identification and boundary placement. Reliable automatic
detection is therefore essential for overcoming annotation limitations and enabling repro-
ducible analysis of spindle characteristics across large populations.

Deep learning methods have advanced automatic spindle detection by learning repre-
sentations directly from EEG recordings. However, most existing detectors are trained
specifically for spindle detection and depend on expert annotations for representation
learning. Sleep foundation models [5, 6] present an alternative by learning reusable phys-
iological representations from extensive collections of polysomnographic recordings prior
to adaptation for downstream tasks. This approach offers the possibility of transferring
knowledge acquired during large-scale pretraining to dense EEG event detection.

1.2 Problem Statement and Objectives

Adapting a sleep foundation model for spindle detection introduces a temporal resolu-
tion mismatch. SleepFM [5] encodes several seconds of EEG into compact token-level
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embeddings, while spindle boundaries require recovery at a much finer temporal scale.
Increasing output resolution after tokenization does not guarantee the restoration of
local information that may no longer be explicitly represented within the tokens.

Spindle detection further depends on localized spectral activity. While a pretrained
temporal representation may implicitly encode this information, it does not directly
preserve the evolution of spectral features within each token. The central objective of
this thesis is to determine how an existing pretrained sleep representation can be adapted
for dense spindle localization.

This study investigates whether the temporal representation learned by SleepFM [5]
retains sufficient information for precise event detection. It also examines whether a
frequency representation offers complementary local evidence and explores how both
representations should interact prior to reconstruction at the original sampling resolution.
Finally, it evaluates how annotation source and model architecture affect cross-dataset
generalization.

1.3 Contributions

This thesis develops a dense spindle detector based on a frozen EEG representation
derived from SleepFM. A task-specific frequency branch complements the pretrained
representation by capturing localized spectral information. Both streams share the same
token grid. They are integrated through residual cross-attention, where the temporal
representation provides context to the frequency stream.

The frequency branch employs a Morlet representation and a structured readout to
preserve intra-token temporal information. A dense decoder then reconstructs the fused
representation at sample resolution, reintegrating these retained features.

Ablation studies evaluate the primary architectural choices related to frequency mod-
eling, representation alignment, fusion and dense reconstruction. The final detector is
further assessed based on event localization and physiological consistency. Cross-dataset
experiments investigate the impact of the annotation source. They also test whether
strong in-domain performance generalizes to broader datasets.

1.4 Thesis Organization

Chapter 2 introduces the physiological and signal-processing concepts relevant to spindle
detection. Chapter 3 reviews automatic spindle detection and sleep foundation models,
and identifies the research gap addressed in this thesis. Chapter 4 details the proposed
architecture and training procedure. Chapter 5 evaluates the architectural choices and
analyzes the final detector and its cross-dataset performance. Chapter 6 summarizes the
main findings and limitations, and outlines directions for future research.



Chapter 2

Background

2.1 Sleep Physiology and Polysomnography

2.1.1 Polysomnographic Signals

Polysomnography (PSG) is the standard clinical and research method for objectively
assessing sleep. It records multiple physiological signals overnight, allowing cerebral
activity to be interpreted alongside ocular movements, muscle tone, cardiac activity and
respiration [7]. This multimodal approach is essential because sleep stages are defined
by combined physiological patterns rather than by a single signal.
Electroencephalography (EEG) records electrical activity generated by the brain via
electrodes placed on the scalp. Electrooculography (EOG) measures eye movements
using electrodes positioned near the eyes and electromyography (EMG) assesses skeletal
muscle activity, most commonly beneath the chin. Electrocardiography (ECG) records
cardiac electrical activity, while respiratory sensors monitor airflow and breathing effort.
The synchronized interpretation of these signals forms the physiological basis for sleep-
stage scoring and the analysis of shorter events occurring within individual stages.

2.1.2 Sleep Architecture and Stage Scoring

Sleep is conventionally categorized into wakefulness, non-rapid eye movement (NREM)
sleep and rapid eye movement (REM) sleep. NREM sleep is further divided into stages
N1, N2 and N3. N1 marks the transition from wakefulness to sleep, N2 is characterized
by transient EEG events such as K-complexes and sleep spindles and N3 is dominated by
high-amplitude slow-wave activity. REM sleep is characterized by rapid eye movements
alongside markedly reduced skeletal muscle tone [7].

Standard sleep scoring divides the PSG recording into consecutive 30-second epochs,
assigning each epoch to Wake, N1, N2, N3, or REM based on the physiological patterns
observed during that interval. Representative EEG, EOG and EMG epochs are presented
in Figure 2.1. The N2 segment contains a K-complex and a sleep spindle, N3 exhibits
prominent slow-wave activity and REM sleep is characterized by rapid eye movements
with reduced background muscle tone [8].
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Figure 2.1: Representative EEG (F},C,), EOG and EMG patterns during N1, N2, N3
and REM sleep. Reproduced from [8].

Epoch-level scoring effectively describes the global organization of sleep but lacks the
temporal precision necessary to localize brief electrophysiological events. The spindle
highlighted in the N2 excerpt occupies only a small fraction of the corresponding 10-
second excerpt and may begin and end without affecting the sleep stage assigned to the
surrounding interval. This distinction separates sleep macrostructure from microstruc-
ture, as localizing transient events requires signal representations and annotations with
much finer temporal resolution than conventional stage labels.

2.1.3 EEG Acquisition and Spatial Organization

Among the physiological signals recorded during PSG, EEG is the primary modality
considered in this thesis, as sleep spindles are defined by transient patterns of cerebral
electrical activity. Scalp EEG records voltage fluctuations generated by the spatially
aggregated activity of large neuronal populations, which are propagated through the
tissues separating the brain from the electrodes.

An EEG channel represents the potential difference between two electrodes. In a
referential montage, the voltage at an active electrode is compared with a common or
local reference, whereas a bipolar montage measures the difference between two recording
electrodes. Consequently, the resulting waveform depends not only on the underlying
neural activity but also on the selected electrode positions and reference configuration.

Standardized electrode conventions establish a spatial framework for EEG acquisition.
Figure 2.2 relates major cerebral regions to representative scalp electrode positions. Elec-
trode prefixes indicate frontal, central, temporal, parietal, or occipital locations. Odd
and even indices typically correspond to the left and right hemispheres, respectively,
while the suffix z denotes the cranial midline. Channel names such as C3, C'4 and Cz
are thus interpreted according to their approximate scalp positions [9].
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Figure 2.2: Simplified spatial organization of scalp EEG acquisition. Adapted from [9].

The selected montage influences the appearance of physiological events in the recorded
signal. Electrical activity is projected differently to each electrode and reference, which
can alter the apparent amplitude, polarity and morphology of the same event across
channels. Comparisons between recordings must therefore account for channel location
and reference configuration, especially when a detector is trained and evaluated on data
acquired with different montages.

EEG contains patterns across multiple temporal scales. Slow changes assist in iden-
tifying global sleep states, whereas brief oscillatory events occur locally within the con-
tinuous waveform. Sleep spindles fall into this latter category.

2.1.4 Sleep Spindles

A sleep spindle is a short burst of rhythmic EEG activity observed primarily during
NREM stage N2, though it may also occur during N3 sleep. The waveform typically
exhibits regular oscillations with a waxing and waning envelope. Spindles generally
occupy the sigma frequency range of approximately 11 to 16 Hz and commonly last
between 0.5 and 3 seconds [10, 11]. Their amplitude, dominant frequency and spatial
expression vary across individuals and recording channels.

A common distinction separates slow and fast spindles within the sigma range. Slow
spindles typically occupy lower frequencies around 11 to 13 Hz and are more prominent
over frontal regions, whereas fast spindles generally occur around 13 to 16 Hz and show
a stronger central distribution [11]. This division is approximate rather than absolute,
since spindle frequency and topography vary continuously across subjects and recording
conditions. It nevertheless shows that spindle activity is not characterized by a single
frequency or scalp location, making both spectral content and channel selection relevant
to its analysis.

The spindle illustrated in Figure 2.1 appears as a transient oscillation embedded
within the surrounding N2 EEG. As the event gradually emerges from and fades into
background activity, its onset and offset are not defined by sharp physiological bound-
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aries. Other transient patterns and fluctuations in sigma-band energy may also resemble
portions of a spindle, making precise boundary placement uncertain.

Sleep spindles originate from coordinated activity within thalamocortical circuits
involving the thalamic reticular nucleus, thalamocortical relay cells and cortical popu-
lations [10, 11]. Rhythmic activity generated in the thalamus propagates to the cortex,
while corticothalamic feedback modulates and synchronizes this activity. Figure 2.3
presents a simplified illustration of these interactions.

Figure 2.3: Simplified representation of the thalamo-cortical interactions involved in
sleep spindle generation.

Sleep spindle analysis is relevant from both neuroscientific and clinical perspectives.
Spindles reflect coordinated thalamocortical activity and are associated with processes
such as memory consolidation, synaptic plasticity, sensory processing and sleep main-
tenance [10, 11]. Clinical studies have associated atypical spindle characteristics with
schizophrenia [1] and major depressive disorder [3]. Altered spindle characteristics have
also been reported in obstructive sleep apnea [4]. Their density, duration, amplitude
and oscillatory frequency are therefore increasingly investigated as potential electrophys-
iological biomarkers of brain and sleep health.

Reliable estimation of these characteristics depends on accurate event detection and
localization. Missed or duplicate detections directly affect spindle density, whereas inac-
curate boundaries can bias duration and other event-level measurements, thereby influ-
encing their physiological and clinical interpretation.

From a signal analysis perspective, a spindle combines a localized temporal waveform
with a characteristic spectral signature. The raw EEG preserves its morphology and
temporal structure, whereas a time-frequency representation highlights the transient
concentration of sigma-band energy.

2.2 EEG Signal Representation for Spindle Analysis

EEG recordings generally contain several channels corresponding to different scalp deriva-
tions. The signal representations introduced in this section are applied independently to
each EEG channel. A channel c is therefore represented by the one-dimensional signal .
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and its temporal, Fourier, or wavelet representation is computed without combining in-
formation from other channels. Multichannel information can subsequently be combined
by a detection model, as described later in this thesis.

2.2.1 Discrete EEG Signals and Preprocessing

An EEG recording originates from continuous electrical signals measured at the scalp,
which are subsequently converted into discrete sequences by the acquisition system. The
continuous signal from channel ¢ is denoted as s.(t). Sampling at frequency fs yields

Te[n] = sc (Z

where N represents the total number of acquired samples. Consecutive samples are
separated by 1/fs seconds, meaning the sampling frequency defines the temporal grid
for representing event boundaries.

Raw scalp EEG signals are subject to both physiological and acquisition-related
variability. Preprocessing mitigates these sources of variability by limiting the signal
to a relevant frequency range, resampling recordings to a common temporal grid and
normalizing amplitudes across subjects and sessions.

These preprocessing operations can affect event localization by modifying brief os-
cillatory activity, temporal representation, or amplitude scale. Therefore, preprocessing
should render recordings comparable without distorting spindle waveforms or shifting
their boundaries.

), n=0,...,N—1

2.2.2 Fourier and Short-Time Fourier Representations

Sleep EEG signals are non-stationary, as both their waveform and spectral composition
change over time. While a temporal representation preserves the progression of the wave-
form and the timing of local changes, it does not indicate which oscillatory components
generate the observed patterns.

The discrete Fourier transform provides a global frequency representation of a finite
segment. For a sequence z.[n] of length NV,

_ kS

N-1
Xc _ . —j2wkn/N
= X sl =t

The magnitude of X [k] reflects the contribution of each frequency to the analyzed
segment. Since the transform summarizes the entire observation window, it can reveal
sigma-band activity but does not specify when this activity occurs [12].

Temporal localization is introduced by applying the transform to successive portions
of the signal. For a window w|n] of length L, a hop size H and a transform size Nppr,
the short-time Fourier transform is
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L-1
Xclm, k] = Z ze[n + mH] w[n] 72/ Neer
n=0
where m indexes temporal frames and k frequency bins. The same transformation is
applied independently to each channel and the spectrogram is obtained from the squared
magnitude S.[m, k] = | X.[m, k]|?.

The window shape and duration influence the representation of transient events
by controlling spectral leakage and temporal resolution [13]. Successive windows are
typically overlapped, allowing an event to be described from multiple nearby temporal
positions.

Figure 2.4 illustrates both representations for the same event. In the temporal signal,
the spindle manifests as a brief oscillatory burst with varying amplitude, whereas in the
spectrogram, the same interval is depicted as a localized concentration of energy within

a restricted frequency range.
1
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Figure 2.4: Example of a sleep spindle in the temporal and time-frequency domains. The
top panel shows the EEG signal and spindle interval, while the bottom panel shows the
corresponding spectrogram with sigma-band activity indicated.
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2.2.3 Wavelet Representations

The short-time Fourier transform employs the same analysis window for all frequencies,
resulting in uniform resolution across the spectrum. A window of sufficient length to
separate closely spaced components within the sigma range imposes equivalent temporal
smearing on both slow waves and fast oscillations, despite their differing time scales.
Wavelet transforms replace the fixed window by a family of functions obtained by
dilating a single prototype . The continuous wavelet transform (CWT) of z. is
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where a > 0 denotes the scale and ¢* is the complex conjugate of the mother wavelet [14].
Small scales analyze the signal over short intervals and capture rapid variations, whereas
large scales encompass longer intervals. Because the scale is inversely related to the
analyzed frequency, the duration of analysis adapts to the frequency under examination
rather than remaining fixed.

For neurophysiological signals the prototype is commonly a complex Morlet wavelet,
a complex exponential tapered by a Gaussian envelope. FExpressed as a function of
frequency,

2

y(t) = Afexp (—;—2> exp (727 ft), oy

7
where A; is a normalization constant and n. represents the number of oscillation cycles
retained within the envelope. Parametrizing the envelope by the number of cycles, rather
than by absolute duration, is the standard convention in this field, although reporting the
full width at half maximum of the envelope has been suggested as less ambiguous [15].
Figure 2.5 illustrates this representation for a spindle event, where the transient

oscillatory activity appears as an increased concentration of energy within the sigma
band.
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Figure 2.5: Example of a sleep spindle in the temporal and wavelet domains. The top
panel shows the EEG signal and spindle interval, while the bottom panel shows the
corresponding Morlet CW'T, with sigma-band activity indicated.
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2.2.4 Resolution and Complementary Views

Both transforms are subject to the same constraint. A short analysis localizes brief events
precisely but resolves nearby frequencies poorly, while a longer one does the opposite [13].
For a Morlet wavelet, the temporal spread oy and the spectral spread U}-IZ = f/n. satisfy
of a?z = 1/2m, a constant product that no parameter choice can circumvent.

The two families differ in how they distribute this fixed area over the time—frequency
plane, as illustrated in Figure 2.6. The fixed absolute window duration of the Short-Time
Fourier Transform (STFT) produces resolution cells with identical dimensions across the
spectrum. In contrast, the fixed number of oscillation cycles used by a wavelet family
causes its cells to contract in time and widen in frequency as the analyzed frequency
increases. Within the sigma range, the Gaussian temporal spread oy = n./(27f) is
typically on the order of several tens of milliseconds, whereas the duration corresponding
to n. complete oscillation cycles is n./f.
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Figure 2.6: Time-frequency resolution cells of (a) the STFT and (b) a multiresolution
wavelet decomposition. Reproduced from [16].

Sampling density is distinct from resolution. The frame spacing H/fs and the bin
spacing fs/Nppr can both be refined, yet a smaller hop only produces more overlapping
frames and zero-padding only a denser grid, neither adding information beyond that
contained in the analysis window. Once the frame spacing is set, both transforms yield
coefficients on a regular temporal grid, so the choice between them rests on resolution
behavior rather than on alignment.
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2.3 Sleep Spindle Annotation and Dense Temporal Labels

2.3.1 Expert Annotation and Boundary Uncertainty

Sleep spindles are typically identified through visual inspection of the EEG by expert
scorers. Upon recognition of a transient oscillatory pattern, the scorer assigns onset and
offset times to delineate the event [7].

For a recording containing N, annotated spindles, the intervals can be represented

as
Ne
e ={(a")},
i=1

where 7" and t;’ff denote the onset and offset of event 7. In contrast to epoch-level labels,
this representation preserves both the temporal location and duration of each spindle.

These boundaries are not perfectly objective because spindle activity typically emerges
gradually from the background EEG and subsequently fades. As a result, scorers may
identify the same event but select different boundaries, or disagree on whether to an-
notate weak oscillatory activity. The resulting intervals also depend on the scoring
procedure and EEG derivation, since the same event may appear differently across chan-
nels and scorers may apply the visual criteria with varying strictness. Therefore, expert
annotations should be interpreted as temporal references defined by a particular protocol,
rather than as precise physiological boundaries.

Consensus annotation mitigates reliance on individual decisions by aggregating the in-
put of multiple scorers. For example, the Massive Online Data Annotation (MODA) [17]
dataset derives spindle labels from repeated annotations and group agreement. This ap-
proach yields a more stable reference, although it does not eliminate the uncertainty
associated with gradual event boundaries.

Annotation variability can influence both training and evaluation. A detector trained
on one reference may not replicate annotations produced under a different scoring pro-
cedure, even if the underlying EEG is unchanged [18]. Consequently, small localization
errors near an onset or offset should be interpreted in the context of this variability.

2.3.2 Conversion from Event Intervals to Dense Labels

Dense spindle detection requires target labels that are aligned with the EEG sampling
grid. Each annotated interval is thus converted into a binary sequence that distinguishes
spindle samples from the surrounding background, as illustrated in Figure 2.7.
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Figure 2.7: Conversion of an expert-annotated spindle interval into dense temporal la-

bels.

For an EEG signal z[n| sampled at frequency fs, the time associated with sample n
is

The dense label sequence is then defined as

yin] =

1 if¢, € [tc?n t(-’ff] for at least one event %
0 otherwise

Consecutive positive samples preserve the temporal extent of the annotated spindle,
whereas transitions between label values define its onset and offset on the discrete sam-
pling grid. This dense representation preserves the temporal structure needed to recover
event boundaries and duration.

2.3.3 Class Imbalance in Continuous EEG

Sleep spindles constitute only a small fraction of continuous EEG recordings. Even
during NREM stage N2, most samples correspond to background activity, resulting in a
substantial predominance of negative labels over positive ones.

This imbalance renders overall accuracy an uninformative metric, as a detector that
predicts background for nearly all samples may achieve high accuracy while failing to
identify most spindle events. It also affects optimization, as errors accumulated over
the background can dominate the learning objective and encourage overly conservative
predictions.

Once point-wise predictions are reconstructed into events, missed spindles reduce
recall, while additional predicted intervals reduce precision. Therefore, evaluation should
consider both sample-level predictions and the events derived from them.
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2.4 Evaluation of Sleep Spindle Detection

Automatic spindle detection is evaluated at both the sample and event levels. Sample-
level metrics assess whether each temporal position is assigned to the correct class, while
event-level metrics determine whether predicted intervals correspond to individual expert
annotations. These perspectives are complementary because accurate sample classifica-
tion does not guarantee correct event reconstruction.

2.4.1 Sample-Level Evaluation

A probability sequence ¢ is converted into a binary sequence Y by applying a decision
threshold 7,

0 otherwise.

ﬂﬂz{lﬁMMZm

The predicted labels are compared with the reference sequence y[n|. At the sample
level, a true positive is a position labeled as spindle in both sequences, a false positive
is predicted as spindle but belongs to the background and a false negative is part of an
annotated spindle but classified as background.

Sample-level precision and recall are defined as

TP, sample
TPsample + Fpsample

TP, sample
TP, sample + FN, sample

Precisiongample =

Recallsample =

The combination of precision and recall yields

Precisiongample Recallsample

Fy le =
sampe Precisiongample + Recallgample

These metrics quantify the degree to which predicted positive samples align with anno-
tated spindle regions and are sensitive to boundary displacement. Overall accuracy is
less informative because the predominance of background EEG can dominate the result.

Sample-level agreement does not fully characterize event reconstruction. A long
prediction may overlap multiple annotated spindles, while a single spindle may be divided
into several predicted regions. Therefore, point-wise metrics should be complemented
by evaluations that treat contiguous positive regions as individual events [19].

2.4.2 Event Matching and Intersection over Union

Let the reference spindle intervals be denoted by

G ={Gi}5
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and let the intervals reconstructed from the binary prediction sequence be

P= {Pj}j'vzpl

The temporal overlap between a predicted event P; and a reference event G; can be
measured using the Intersection over Union,

P NG

IoU(P;, G;) = 1P, UGH|
7 i

where |-| denotes interval duration. The IoU equals zero when the events do not overlap
and approaches one as their boundaries become increasingly similar.
A predicted interval is eligible for matching when

IoU(P;, Gi) > 7

where 7 is the event-overlap threshold. Matching is performed under a one-to-one con-
straint, ensuring that each prediction and each reference event contribute to at most one
pair. This prevents a broad prediction from being counted as multiple correct detections
and avoids assigning several predictions to the same annotated spindle.

The selected value of 7 determines the strictness of the evaluation. A lower threshold
accepts events with partial temporal overlap, while a higher threshold requires closer

agreement between event boundaries. Consequently, performance is reported at multiple
ToU thresholds.

2.4.3 Event-Level Precision, Recall and F1 Score

Let Nj; denote the number of matched prediction-reference pairs. Event-level precision
and recall are defined as

. Ny
Precisioneyent = ——
Np

Ny

Recalleyent = ——

Na

The corresponding event-level F1 score is

Precisiongyent Recalloyent

Fl event —
’ Precisiongyent + Recalleyent

An unmatched predicted interval is considered a false positive, while an unmatched
reference interval is considered a false negative.

The notation F}Q7 indicates that event matching was performed using the IoU
threshold 7. Consequently, F1@0.2 refers to an event-level F1 score for which a pre-
diction is considered eligible for matching when its IoU with a reference event is at least
0.2. This overlap threshold should not be confused with the probability threshold 7,
which is applied earlier to convert the model output into a binary temporal sequence.
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The aggregation procedure also influences the reported results. Pooling all events
assigns greater weight to recordings with many spindles, while computing metrics sepa-
rately for each subject preserves inter-subject variability. The chosen convention must
remain consistent when comparing models.

2.4.4 Consistency of Detected Spindle Statistics

Event-level F1 measures detection accuracy but does not ensure that reconstructed
events preserve physiologically meaningful spindle characteristics.

For a recording containing N, detected events over an analyzed duration 7' seconds,
spindle density can be expressed in events per minute as

~ GON.
T

D

The mean event duration is

1 e
d= — (toff _ ton)
Ne Zz; T 1

Missed or additional detections modify spindle density, while inaccurate boundaries af-
fect the estimated duration. The same intervals may also be used to derive amplitude
or frequency characteristics from the enclosed EEG waveform.

Agreement between predicted and expert-derived statistics can be measured across
S recordings. For a spindle characteristic ¢, the mean absolute error is

S
1 .
MAE(q) = < Y [ds — 45|
s=1

Ul

where ¢s; and §s denote the reference and predicted values for recording s. Correlation
provides complementary information by indicating whether between-subject variation is
preserved, although systematic bias may persist even when correlation is high.

Recent spindle detectors evaluate not only localization performance but also whether
predicted density and duration are consistent with expert-derived estimates [20]. Com-
bining sample-level overlap, event-level matching and spindle-statistic consistency yields
a more comprehensive assessment than any single metric alone.
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Related Work

3.1 Automatic Sleep Spindle Detection

Automatic sleep spindle detection has become important in large-scale sleep studies
because manual scoring is both time-consuming and difficult to apply systematically.
Measures such as spindle density, duration, amplitude and frequency are widely used in
sleep research because they have been associated with memory consolidation, cognitive
function and neurological or psychiatric conditions [10, 11]. The primary challenges
include the short duration of spindles, inter-subject variability and their occurrence
within non-stationary EEG signals. These challenges have driven the development of
successive generations of automatic detectors, ranging from physiologically motivated
signal-processing methods to learned models that enhance localization and robustness.

3.1.1 Signal-Processing Detectors

Signal-processing detectors translate prior knowledge of spindle physiology into explicit
procedures applied to the EEG. Most methods first isolate activity within a predefined
sigma frequency range, then compute local measures using sliding windows. Commonly
extracted features include signal amplitude or envelope, sigma power, spectral ratios
and oscillatory regularity metrics. Candidate intervals are identified when these features
exceed predefined thresholds and are then merged or removed according to duration and
temporal-separation constraints [21].

Threshold-based methods differ primarily in the features used to define candidate
spindles and in whether decision thresholds are fixed, adaptive, or normalized relative
to the surrounding EEG. The A7 detector, proposed by Lacourse et al. [22], exemplifies
this methodology. A7 analyzes a single EEG channel and integrates four complementary
metrics derived from both broadband and sigma-filtered signals: absolute sigma power,
relative sigma power, sigma covariance and sigma correlation. The metrics are computed
on a short sliding window and a candidate is retained only where all four simultaneously
exceed their thresholds. This multi-criterion formulation preserves physiological inter-
pretability instead of relying on a single amplitude or power threshold, yet detection

16
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remains directly influenced by the selected frequency range, normalization, thresholds
and post-processing rules.

A second category of methods seeks to isolate spindle-related oscillations from other
EEG components prior to event detection. For instance, DETOKS decomposes the ob-
served signal into transient, low-frequency and oscillatory components through sparse
optimization, with spindle candidates identified from the oscillatory component [23]. Re-
lated techniques rely on wavelet decompositions or matching pursuit. Spindler applies
this idea with Gabor atoms and selects its detection parameters from stable regions of
spindle-property surfaces rather than from agreement with a single annotation set [24].
These decomposition-based methods represent spindle morphology more finely than di-
rect thresholding, although their outputs still depend on the chosen dictionary, frequency
constraints and selection thresholds.

In summary, signal-processing detectors can operate without learning a high-capacity
model from large annotated datasets. Their explicit reliance on sigma-band activity
facilitates alignment with the physiological definition of a spindle. However, fixed signal
assumptions may not generalize effectively across subjects, age groups, recording devices,
or clinical populations. Furthermore, the estimation of event onset and offset is highly
sensitive to window length and other parameters. These limitations have led to the
development of methods that preserve interpretable EEG features while learning decision
rules from annotated data.

3.1.2 Classical Machine Learning Approaches

Classical machine learning methods preserve an explicit feature extraction stage but
replace fixed decision thresholds with a classifier learned from data. For an EEG window
z;, a deterministic mapping ¢ first produces a feature vector z; = ¢(z;) € R?, which may
contain temporal, spectral, morphological, or time-frequency descriptors. A classifier gy
then estimates the probability that the window contains a spindle, p; = gg(z;). This
formulation enables multiple EEG characteristics to contribute jointly to the decision
and allows the classification boundary to be estimated from expert annotations rather
than specified through independent thresholds [21].

Supervised approaches commonly employ support vector machines, decision trees,
nearest-neighbor methods, or ensemble classifiers. MUSSDET, for example, applies
feature selection, normalization and multivariate classification to single-channel EEG
epochs [25]. Its support vector machine combines several descriptors into a single dis-
criminative decision, which is more flexible than requiring each descriptor to cross an
independently selected threshold. However, the reported performance of MUSSDET dif-
fers across the Montreal Archive of Sleep Studies (MASS) [26] and the DREAMS Sleep
Spindles [27] database. Although these results are not directly comparable because the
datasets and annotation protocols differ, they illustrate the difficulty of transferring fixed
feature distributions and learned decision boundaries across recording conditions.

Other approaches combine time-frequency feature extraction with classifiers designed
for imbalanced data. Kinoshita et al. use the synchrosqueezed wavelet transform to ob-
tain a concentrated time-frequency representation and apply RUSBoost to distinguish
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spindle from non-spindle observations [28]. Random undersampling reduces the domi-
nance of background windows. This directly addresses a central property of continuous
EEG recordings, in which spindle intervals represent only a small fraction of the signal.
Nevertheless, the learned classifier remains dependent on the selected wavelet representa-
tion, the construction of positive and negative examples and the temporal window used
to describe each candidate event.

Unsupervised and probabilistic approaches reduce direct dependence on event labels
while retaining a feature-based representation. Patti et al. [29] model spindle candidates
using multivariate Gaussian mixture models from sigma-band envelope features obtained
through a Hilbert transform. These methods estimate probability distributions rather
than discriminative boundaries, but the correspondence between mixture components
and physiologically valid spindle events is not guaranteed and remains constrained by
the selected features and distributional assumptions.

Overall, classical machine learning methods represent an intermediate approach be-
tween explicit signal-processing rules and end-to-end neural models. They can learn com-
binations of handcrafted features and address class imbalance, but their representational
capacity remains limited by the information retained by ¢. Fixed-window classification
also yields coarse temporal decisions, with event boundaries typically recovered by merg-
ing neighboring positive windows and applying duration constraints. These limitations
motivated models that learn both the representation and decision function directly from
EEG signals.

3.1.3 Transition to Deep Learning-Based Detection

The transition from classical machine learning to deep learning primarily reflects a change
in how the representation is learned. In feature-based pipelines, an explicit mapping ¢
transforms each EEG window into a predefined vector of temporal, spectral, or morpho-
logical descriptors prior to classification. In contrast, deep models learn an encoder Ey
jointly with the prediction function, producing a task-adapted representation h; = Ey(x;)
and spindle probability p; = gy (h;). This approach reduces reliance on manually selected
features and enables the representation to be optimized based on expert spindle annota-
tions [21].

The transition was gradual rather than a complete replacement of signal-processing
knowledge. Early deep spindle detectors often combined learned features with physio-
logical inputs or handcrafted descriptors. SpindleNet, for example, processes raw EEG
together with the envelope of the sigma-band signal and combines the learned represen-
tation with power features for spindle classification [30]. Similarly, Pan et al. integrate
convolutional feature extraction with wavelet-informed processing and decision-tree vali-
dation for spindle detection in patients with acute disorders of consciousness [31]. These
hybrid designs preserve explicit spindle-related information while allowing neural net-
works to learn discriminative waveform patterns that are difficult to encode through fixed
rules. More recent approaches increasingly formulate spindle detection as an end-to-end
temporal prediction problem, in which representation learning, contextual modeling and
event localization are optimized jointly [19, 20].
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Deep learning enhances representation flexibility and enables joint optimization of
feature extraction, temporal context modeling and event prediction. However, these
benefits increase dependence on labeled data, annotation quality, model capacity and
training distribution. Learned features are also less interpretable than handcrafted phys-
iological descriptors and strong performance on a single dataset does not guarantee ro-
bustness across different recording conditions. The architectural strategies for addressing
local morphology, temporal context, dense localization and long-range dependencies are
discussed in the following section.

3.2 Neural Architectures for EEG Event Detection

Modern neural detectors progressively transform the EEG from local waveform patterns
into temporally contextualized representations that can support precise event localiza-
tion. Convolutional layers capture spindle morphology at several temporal scales, while
recurrent processing extends this information beyond the local receptive field. Encoder-
decoder structures then restore the resolution required for point-wise prediction and
attention mechanisms regulate which intermediate features are transferred to the de-
coder. Figure 3.1 provides a representative example through BLAST [20], where raw
and sigma-filtered EEG are encoded, contextualized with bidirectional recurrent layers,
filtered through attention-gated skip connections and decoded into dense spindle predic-
tions.
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Figure 3.1: Representative integration of convolutional encoding, bidirectional temporal
modeling, attention-gated skip connections and dense decoding for sleep spindle local-
ization. Adapted from [20].
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3.2.1 Convolutional Feature Extraction

Convolutional neural networks learn local filters that are shared across the temporal di-
mension of the EEG [32]. For a multichannel input x.[t], a one-dimensional convolutional
feature map can be expressed as

C K-1
h[t] = o (bm YO wimelr] et - T]> (3.1)

c=1 7=

where K is the kernel length, w,, . denotes the learned filter coefficients, b,, is a bias
term and o is a nonlinear activation function. Weight sharing allows the same filter
to detect local waveform patterns regardless of their absolute temporal position. This
property is particularly suitable for spindle detection, as spindle morphology can appear
at various locations while maintaining characteristic oscillatory, amplitude and envelope
features.

Convolutional detectors vary in the extent to which physiological preprocessing is
incorporated alongside learned feature extraction. SpindleNet [30] processes raw EEG
together with the envelope of a sigma-band signal and integrates the learned represen-
tation with power-related descriptors. Pan et al. [31] similarly combine convolutional
feature extraction with wavelet-based signal processing and decision-tree validation in a
clinical population with acute disorders of consciousness. The left panel of Figure 3.1 il-
lustrates another hybrid approach. BLAST [20] receives both raw EEG and a band-pass
filtered signal targeting spindle-related frequencies, enabling the encoder to jointly pro-
cess broadband waveform morphology and an enhanced oscillatory component. These
architectures show that deep feature learning does not necessarily replace physiological
priors. Instead, handcrafted transformations can be retained as complementary input
channels.

The BLAST [20] encoder shown in Figure 3.1 progressively increases the number
of convolutional filters while reducing the temporal resolution of the feature sequence.
This hierarchical structure expands the effective receptive field, enabling deeper layers to
integrate short waveform fragments into wider event representations. Similar multiscale
principles are evident in SpindleU-Net [19], which employs relatively large temporal
kernels to capture dependencies extending across spindle waveforms.

This expanded context introduces a fundamental trade-off. Pooling and strided con-
volutions improve computational efficiency and increase the receptive field, but they also
reduce the temporal resolution required for precise onset and offset localization. Conse-
quently, while convolutional encoders are effective for learning local and multiscale EEG
morphology, additional mechanisms are generally necessary to model longer temporal
dependencies and to reconstruct boundaries at the original signal resolution.

3.2.2 Recurrent Models and Temporal Context

Recurrent neural networks complement convolutional feature extraction by maintaining
a hidden representation that evolves across a sequence. Gated recurrent architectures
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such as long short-term memory networks regulate the preservation and removal of infor-
mation through learned gates, which improves the modeling of dependencies extending
beyond the local receptive field of individual convolutions.

Temporal context is essential because increased sigma-band activity alone does not
reliably identify all spindles. Background EEG, artifacts and other transient oscillations
may share similar local properties. The temporal evolution surrounding a candidate
event can indicate whether the oscillation exhibits a coherent onset, sustained body and
termination. SpindleNet [30] integrates convolutional feature extraction with recurrent
processing in a system designed for real-time spindle detection. This architecture ex-
emplifies a common division of functions, where convolutional layers detect local signal
patterns and recurrent layers model the evolution of these patterns across consecutive
temporal positions.

Bidirectional recurrent models extend this principle by processing the feature se-
quence in both temporal directions,

ﬁt = f (Xt, ﬁw%l) , rt = fe (Xt, it+1) (3.2)

The forward and backward states can then be combined to represent each position
using both preceding and subsequent EEG activity. In Figure 3.1, two BiLSTM lay-
ers are placed at the lowest-resolution stage of the encoder. This arrangement allows
BLAST [20] to contextualize the multiscale convolutional representation before it is
transferred to the decoder. Access to both temporal directions is particularly relevant
for offline localization because the complete morphology surrounding a candidate event
is available when estimating its boundaries.

The choice between unidirectional and bidirectional recurrence reflects a practical
trade-off in the context available to the model. A unidirectional model reads each posi-
tion from present and preceding samples only, so it can operate on a streaming signal
without access to future samples. A bidirectional model instead reads the full sequence
in both directions. It thus incorporates future context to refine each estimate, but it
requires the complete segment to be available and cannot run on a streaming signal.

Recurrent context alone cannot recover information lost due to encoder downsam-
pling. While a BiLSTM can enrich low-resolution features with temporal dependencies,
it does not directly reconstruct a sample-level prediction sequence. Consequently, re-
current modules are typically embedded within encoder-decoder architectures that sep-
arately address contextual modeling and temporal resolution recovery.

3.2.3 Encoder-Decoder and Dense Segmentation Models

Dense temporal segmentation formulates spindle detection as the assignment of a prob-
ability to each temporal position. Given an EEG segment x of length T, the model
estimates

g=fox), gel0,1]" (3.3)

where g[t] represents the probability that temporal position ¢ belongs to a spindle. Con-
tiguous positive regions can subsequently be converted into events with estimated onset,
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offset and duration. This approach contrasts with fixed-window classification, in which
a single decision is assigned to an entire segment and event boundaries must be inferred
indirectly.

U-Net architectures [33] provide a natural framework for dense temporal prediction
because they combine a contracting encoder with an expanding decoder. The encoder
progressively transforms the input into lower-resolution features with increasingly broad
receptive fields. The decoder then upsamples these representations until the temporal
resolution required for point-wise prediction is recovered. Skip connections transfer
higher-resolution encoder features to corresponding decoder stages, thereby preserving
local details that may be lost at the bottleneck.

SpindleU-Net [19] adapts U-Net to one-dimensional single-channel EEG and gener-
ates point-wise spindle labels from variable-length inputs. The encoder captures broader
temporal context, while the decoder restores the resolution necessary for localization.
Skip connections preserve local details and attention mechanisms filter the transferred
features before prediction. The principal contribution of this architecture is the formu-
lation of spindle detection as dense temporal segmentation.

The decoder module in Figure 3.1 illustrates how this resolution recovery is imple-
mented in BLAST. At each stage, lower-resolution features are upsampled and con-
catenated with features transferred from the corresponding encoder level. A final one-
dimensional convolution produces a point-wise classification sequence, after which dura-
tion constraints are used to derive localized spindle intervals [20].

Subsequent U-Net-based detectors extend the dense segmentation framework to ad-
dress limitations arising from annotation quality and clinical variability. SUMO [34]
applies a slim U-Net to the MODA dataset and reports event-level agreement exceeding
that of the reference A7 detector [22] and of most individual experts. Building on this
line, Tian and Wei introduce a label optimization module for a detector trained using
the same MODA annotations [35]. BLAST [20] integrates BiILSTM layers and attention-
gated skip connections into the encoder-decoder structure. Pan et al. [31] combine neural
detection with a separate decision-tree validation stage in a clinical setting.

Dense encoder-decoder models remain constrained by the resolution and supervision
available during training. Downsampling may blur short transitions and upsampling
cannot fully reconstruct information discarded by the encoder. Sample-level targets are
derived from expert event annotations, with onset and offset times that may vary be-
tween scorers. While dense segmentation is well suited to spindle localization, boundary
accuracy continues to depend on preserving temporal detail and managing annotation
uncertainty.

3.2.4 Attention-Based and Transformer Models

Attention mechanisms apply data-dependent weighting to features rather than transfer-
ring or combining all information uniformly. For query, key and value matrices @}, K
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and V', scaled dot-product attention is defined as

Attention(Q, K, V) = softma (QKT> Vv (3.4)
i VK, V) = x| —— .
Vi

where dj, is the dimensionality of the key vectors [36]. The similarity between queries and
keys determines the contribution of the associated values, allowing the representation to
emphasize information considered relevant to each prediction.

In spindle-specific architectures, attention is commonly used to refine convolutional or
encoder-decoder features rather than replace the complete detection pipeline. SpindleU-
Net [19] incorporates attention to increase the contribution of features associated with
spindle-relevant regions. BLAST [20] applies attention gates to the skip connections
linking its encoder and decoder. The central panel of Figure 3.1 shows one gate at each
temporal scale. Encoder features are filtered before concatenation with the decoder
representation, which limits the direct transfer of background activity while preserving
higher-resolution information relevant to the predicted event.

Gated attention differs from global self-attention because it filters an existing encoder
feature map using decoder context.

Transformers stack multi-head self-attention and feed-forward layers [36]. Self-attention
allows each token to interact directly with distant positions, while positional information
preserves temporal order. For EEG, the waveform is typically compressed into a shorter
token sequence before Transformer processing.

This broader context is useful for sleep analysis, but temporal compression may re-
duce boundary precision and does not inherently capture local spindle morphology. As
a result, specialized spindle detectors more frequently combine attention with convolu-
tional, recurrent, or U-Net components [21]. Transformers are more prominent in sleep
foundation models, where large-scale pretraining supports longer-range and multimodal
representations.

The architectures reviewed in this section progressively enrich the EEG representa-
tion before dense prediction. Local waveform information is first extracted and placed
within a broader temporal context, after which the signal resolution is recovered for event
localization. Attention can further control which intermediate features contribute to the
final prediction, as illustrated by BLAST in Figure 3.1. Despite these advances, such
representations are still learned mainly from task-specific spindle annotations. Sleep
foundation models offer a different approach by learning reusable representations from
large-scale PSG data before adaptation to fine-grained temporal events.

3.3 Sleep Foundation Models

A foundation model is a large model pretrained on broad unlabeled data that learns
general-purpose representations reusable across many downstream tasks. Rather than
training a separate model for each task, a single pretrained encoder is adapted with
limited task-specific data.
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The specialized detectors reviewed in previous sections instead learn representations
from task-specific annotations. Sleep foundation models bring the foundation-model
paradigm to physiological signals. They pretrain reusable encoders on extensive col-
lections of PSG recordings before adaptation to downstream tasks. This approach is
especially pertinent to sleep analysis. Expert annotations are expensive to obtain, while
unannotated physiological signals are abundant.

3.3.1 Pretraining Objectives and Large-Scale Sleep Representation Learn-
ing

Self-supervised learning obtains supervisory signals directly from recorded data. Con-
trastive objectives align related observations, whereas reconstruction objectives require
the model to recover masked or corrupted information. The selected objective influences
which physiological properties remain accessible during downstream adaptation.

SleepFM [5] was pretrained on over 585000 hours of multimodal PSG data collected
from approximately 65000 participants. The recordings are segmented into five-second
tokens and contextualized over longer intervals. The leave-one-out contrastive objective
aligns one modality with information aggregated from the remaining signals, thereby
encouraging the representation to capture physiological structure shared across the PSG.

The resulting embeddings transfer to several downstream tasks ranging from sleep
analysis to subject-level clinical prediction [5]. However, these tasks are primarily eval-
uated at the epoch, recording, or subject level. SleepFM is not explicitly trained to
preserve the boundaries of short EEG events.

SleepGPT [6] simultaneously pretrains temporal and frequency-domain representa-
tions. Contrastive alignment and matching objectives relate these two domains, while
masked reconstruction preserves local signal information. This approach is particularly
relevant for spindle detection, as spindle morphology is defined by both temporal evolu-
tion and oscillatory content.

OSF [37] evaluates multiple self-supervised objectives within a unified evaluation
framework. The results suggest that gains from scaling also depend on the model’s
ability to accommodate heterogeneous datasets and varying channel configurations.

3.3.2 Multimodal and Channel-Adaptive Representations

PSG datasets rarely share identical sensor configurations. EEG derivations can vary
across cohorts and other physiological modalities may be absent or recorded with differ-
ent devices. Consequently, a model constrained to a fixed montage may transfer poorly
to new datasets.

SleepFM [5] addresses this challenge by using modality-aware encoding and channel-
agnostic attention pooling. Channel-level representations are aggregated without as-
suming a fixed ordering and leave-one-out contrastive learning encourages information
from one modality to be predictable from the others. As a result, the model can benefit
from multimodal pretraining even when only EEG data are available during downstream
adaptation.
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This property is particularly relevant to the present thesis. SleepFM was pretrained
on multimodal PSG, while the spindle detector primarily utilizes EEG. Therefore, the
potential benefit of multimodal pretraining lies in the structure learned by the EEG
representation, rather than in requiring all modalities during inference.

SleepGPT also accommodates varying montages by processing channels separately
prior to Transformer interaction and masking unavailable inputs [6]. However, OSF [37]
demonstrates that exposure to heterogeneous recordings does not inherently confer ro-
bustness to missing channels. Channel adaptability may therefore need to be explicitly
encouraged during pretraining.

3.3.3 Temporal Granularity and Adaptation to Downstream Tasks

The utility of a pretrained representation partly depends on the temporal scale preserved
by the encoder. Sleep staging typically operates over thirty-second epochs, whereas
disease prediction may aggregate information across an entire night. In contrast, spindle
detection requires a finer temporal representation, as events last only a few seconds and
their boundaries must be localized precisely.

SleepFM [5] retains a sequence of five-second tokens prior to longer-range contextu-
alization. These tokens preserve greater temporal detail than pooled epoch or recording
representations, yet remain coarser than the sample-level output required for spindle
localization. Consequently, a dedicated decoder is necessary to transform the pretrained
sequence into dense predictions.

SleepGPT [6] provides direct evidence that a sleep foundation model can support
spindle detection. Its pretrained representations are linked to a lightweight prediction
head that generates spindle probabilities over time.

This result demonstrates that general-purpose sleep pretraining can be adapted for
tasks beyond coarse classification. However, SleepGPT simultaneously introduces pre-
training, time-frequency modeling and a dedicated spindle head. As a result, its experi-
ments do not fully isolate the contribution of each individual component.

SleepMaMi [38] addresses temporal granularity using separate micro- and macro-level
encoders. Short physiological segments are first encoded locally, followed by a second
model that captures dependencies across the entire night. This hierarchical approach is
conceptually relevant to spindle detection, as local events occur within a broader sleep
context. However, SleepMaMi has not been directly evaluated on spindle localization.

Overall, large-scale PSG pretraining can produce transferable physiological represen-
tations, but the reviewed models also reveal a mismatch between the temporal gran-
ularity learned during pretraining and the precision required for spindle localization.
SleepGPT shows that this gap can be reduced through task-specific adaptation, while
SleepMaMi emphasizes the importance of preserving local information within broader
sleep context. For SleepFM, the remaining question is whether its pretrained tempo-
ral representation retains sufficient spectral and boundary information for dense spindle
detection. This motivates the frequency-aware modeling discussed in the following sec-
tion.
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3.4 Joint Time-Frequency Modeling

Adapting a sleep foundation model for spindle detection raises two distinct questions.
The first concerns how explicit spectral information should interact with a pretrained
temporal representation. The second addresses the compatibility of features generated
by independently trained encoders. Fusion governs the exchange of information between
streams, while alignment constrains the correspondence between their representations.

Sleep spindles are defined by both their waveform evolution and localized sigma-
band activity. Temporal EEG retains event morphology and local temporal structure,
whereas a time-frequency representation explicitly highlights the evolution of spectral
energy. Although both representations derive from the same signal, they emphasize
distinct properties.

SleepGPT [6] provides a direct example of joint time-frequency modeling. As shown
in Figure 3.2, temporal and frequency-domain PSG signals are initially tokenized using
separate channel-wise convolutions. The resulting embeddings are concatenated and
processed within a unified Transformer architecture. Lower layers maintain domain-
specific transformations, while subsequent layers facilitate shared processing between
the two token types.
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Figure 3.2: Unified time-frequency processing in SleepGPT. Temporal and frequency-
domain PSG signals are tokenized separately and processed within a shared Transformer
with domain-specific and unified processing layers. Adapted from [6].

The approach in this thesis differs from SleepGPT in that the temporal representa-
tion is inherited from SleepFM, whereas the frequency stream is learned specifically for
spindle detection. The objective is not to pretrain a new unified backbone, but rather
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to augment an existing temporal representation with task-specific spectral evidence.

3.4.1 Fusion of Pretrained and Task-Specific Representations

A straightforward approach involves concatenating temporal and frequency features prior
to prediction. This method preserves information from both streams and serves as a
useful baseline, but it does not explicitly model correspondences between temporal and
frequency features.

Cross-attention enables context-dependent interactions between two representation
streams. One stream provides the queries, while the other supplies the keys and values,
allowing each position to retrieve complementary information according to its current
context. The resulting sequence preserves the resolution of the querying stream while
incorporating relevant information from the other representation space.

MulT [39] applies this directional principle to learn interactions between sequences
without enforcing a predefined one-to-one alignment. This is particularly relevant when
temporal and frequency features differ in tokenization or effective receptive field, since
attention weights determine which spectral positions contribute to each temporal feature
rather than assuming that identical indices contain equivalent information.

The strength of the interaction also matters when one branch is already pretrained.
Flamingo [40] introduces new information via gated cross-attention while preserving
a pretrained backbone. The gating mechanism regulates the magnitude of the added
representation, which can limit disruption of the pretrained features during adaptation.

3.4.2 Temporal Correspondence and Latent Alignment

Feature interaction does not ensure compatibility between independently produced em-
beddings. Temporal and frequency streams may differ in scale, statistical distribution,
or effective temporal resolution, even when derived from the same EEG signal.

Correlation-based objectives address this mismatch by encouraging both encoders
to retain shared information without requiring their features to be numerically identi-
cal. Deep Canonical Time Warping extends this approach by learning nonlinear projec-
tions that are jointly correlated and temporally aligned [41]. Hadji et al. [42] further
demonstrate that differentiable global alignment and cycle-consistency can constrain the
ordering and coherence of correspondences across entire sequences.

Drop-DTW [43] further enables the exclusion of positions without reliable counter-
parts from the alignment. This approach prevents the forced matching of every feature
in one stream to information in the other.

Another alternative proposed in previous work is to align representations probabilis-
tically rather than enforce pointwise equality of features. Features have been mapped
to latent distributions and compared using information-theoretic divergences, such as
KL divergence, enabling a teacherstudent formulation in which a fixed representation
guides another branch without requiring identical embeddings [44, 45]. Related varia-
tional distillation approaches transfer information in a similar manner via probabilistic
latent representations [46].
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3.5 Robustness and Cross-Dataset Generalization

Despite advancements in dense deep learning detectors for spindle localization, achieving
robustness across diverse datasets remains a significant challenge. Variability in EEG
acquisition conditions, population demographics and annotation protocols can impact
detector performance. Consequently, a detector that demonstrates strong results on a
specific benchmark may not generalize effectively to other cohorts or reliably reproduce
spindle statistics beyond its training distribution.

Public benchmarks reveal multiple facets of this issue. The MASS dataset is an open
resource comprising whole-night polysomnography recordings collected across various
research protocols and sleep laboratories [26]. The MASS-SS2 subset includes recordings
from 19 young, healthy participants, accompanied by expert annotations of sleep spindles
and K-complexes [47]. While one expert annotated all recordings, spindle annotations
from a second expert are available for only 15 subjects. However, its limited sample
size and dependence on specific scorers constrain the generalizability of findings to wider
clinical populations.

Massive Online Data Annotation addresses annotation reliability by deriving spin-
dle labels based on the consensus of multiple scorers [17]. This dataset comprises 5342
consensus spindles from 180 participants and includes both younger and older cohorts.
However, the EEG signals in MODA were sampled from N2 stage segments of the MASS
archive, rather than being collected independently. Therefore, comparisons between
MASS-SS2 and MODA primarily assess sensitivity to population composition and an-
notation methodology, rather than evaluating transferability across different acquisition
centers or recording systems.

Recent detection methods increasingly assess robustness beyond a single training
split. SEED [18] employs pretraining to reduce reliance on expert annotations and inves-
tigates transferability to new annotation settings. BLAST [20] evaluates performance
across multiple datasets and compares predicted spindle characteristics with those de-
rived by experts. OpenSpindleNet [48] extends this analysis to transitions between scalp
and intracranial EEG.

Robust evaluation should specify whether generalization is assessed across held-out
subjects, across annotation protocols within the same archive, or across independently
acquired datasets. While event-level performance is essential, it should be supplemented
by analyses of whether spindle density, duration and other derived characteristics remain
consistent across different recording contexts.

3.6 Research Gap and Thesis Positioning

Specialized spindle detectors have demonstrated that dense temporal prediction is an
effective approach for event localization. Models such as SpindleU-Net [19], SEED [18]
and BLAST [20] learn representations directly from spindle or sleep-event annotations
and generate temporally resolved predictions. While their task-specific design supports
accurate localization, it remains unclear to what extent representations learned from
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large-scale unlabeled PSG data can be effectively reused for this purpose.

Sleep foundation models approach representation learning from a distinct perspec-
tive. For example, SleepFM [5] learns transferable multimodal PSG representations, but
its downstream evaluations primarily operate at temporal resolutions coarser than spin-
dle boundaries. SleepMaMi [38] explicitly separates local physiological information from
broader sleep context, but it has not been assessed for spindle localization. SleepGPT [6]
offers the closest precedent by integrating time-frequency pretraining with a spindle de-
tection task. Although SleepGPT demonstrates that foundation-model representations
can support fine-grained sleep-event prediction, its unified pretraining architecture, time-
frequency interaction and task-specific head are introduced simultaneously. As a result,
the individual contributions of these components to dense localization remain unclear.

The central research gap is therefore not whether a sleep foundation model can detect
spindles, but rather how an existing pretrained sleep representation should be adapted
for this task. SleepGPT couples time-frequency pretraining, cross-domain interaction
and a task-specific head in a single architecture, preventing the contribution of each
component to dense localization from being isolated from its results. SleepFM instead
provides a pretrained temporal representation without an explicit frequency branch or
spindle-specific head. It was released well before SleepGPT and served as the backbone
from the start of this work. This makes it a starting point where each component can
be added and evaluated on its own.

This thesis therefore employs SleepFM as a frozen temporal backbone and adapts
its token-level representation for dense spindle prediction. A task-specific frequency
branch is incorporated to explicitly capture local spectral structure and a temporal
decoder reconstructs the resolution necessary for event localization. The study compares
increasingly structured fusion mechanisms and assesses whether adaptive interaction
enhances performance beyond the pretrained temporal representation alone and whether
auxiliary alignment facilitates or hinders the integration of complementary information.
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Methodology

4.1 Problem Formulation and Notation

Let
X e RO*T (4.1)

represent an EEG recording comprising C' channels and 7T temporal samples. This
recording is partitioned into shorter segments,

Xp e R Th<T (4.2)

where Ty is the number of samples in each input segment. For each position ¢t €
{1,...,Tu}, the ground-truth spindle mask is defined as

yr €{0,1} (4.3)

where y; = 1 designates that sample ¢ belongs to an annotated spindle, whereas y; = 0
denotes background EEG. Each positive sample is also assigned a boundary target,

by = (Agn, Aog) (4.4)

on?’

which encodes the position of the sample relative to the onset ., and offset tyg of the
corresponding spindle event,

Aén =1 —ton, A(t)ff =tof — t (4.5)
Consequently, boundary supervision is restricted to the set
Qf ={t|y =1} (4.6)

A temporal class target
¢ €{0,1,2} (4.7)

further distinguishes among background, spindle-boundary and spindle-interior samples.
A positive sample is assigned to the boundary class when Al < 16 or Al; < 16,

30
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corresponding to a distance of 0.125 s from the annotated onset or offset at fs = 128 Hz,
and to the interior class otherwise. Given an EEG segment X}, the model predicts
A~ ' ~ TO
fo(Xk) = {ytybtact}t_l (4.8)
where 6 represents the trainable parameters. The output g; € [0, 1] specifies the proba-
bility of spindle presence at sample ¢, while
b; = (At

on’

Afﬂ) € R? (4.9)
yields estimates of the corresponding boundary offsets. The output
¢ € [0,1]? (4.10)

contains the predicted probabilities associated with each of the three temporal classes.
The model therefore generates sample-level predictions for spindle presence, event bound-
aries and temporal structure.

4.2 Proposed Architecture Overview

The proposed detector poses sleep spindle detection as dense temporal prediction. Given
a multichannel EEG segment, it estimates the spindle probability, boundary offsets and
temporal class defined in Section 4.1 at every sample.

Figure 4.1 summarizes the proposed architecture.

Temporal Encoder
SleepFM(X)
already pretrained

Signal Transform
S =WT(X)

T-F Modeling
Zireq = fivea(S)

Cross-Attention Fusion
Attn(Zeey, Zeanp)

H e RBXToxd

Figure 4.1: Overview of the proposed detector.
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4.2.1 Overall Processing Pipeline

Each EEG segment is processed by two parallel branches sharing a common token grid.
The frozen temporal encoder of Section 4.3 produces Zin;, and contributes contextual
information about the surrounding signal. The frequency branch of Section 4.4 extracts
Ztreq from a Morlet scalogram and supplies the localized spectral evidence that the
token discards. Its structured readout retains the T intra-token frames ®, so sub-token
temporal structure is preserved rather than pooled away.

The two streams are integrated by the fusion module of Section 4.5, in which the
frequency stream queries the temporal one. The fused sequence Zg,seq is returned to the
sampling grid by the dense decoder of Section 4.6, which reinjects the retained frames
® by frame-aware skip fusion. The reconstructed representation is then provided to the
prediction heads of Section 4.7.

This organization differs from both lines of work reviewed in Chapter 3. Encoder-
decoder detectors such as BLAST learn the entire representation from annotations and
transfer their own encoder activations through skip connections. Here the encoder is
frozen and general-purpose and what is transferred is the intra-token structure of a
branch trained for the task. SleepGPT couples pretraining, time-frequency interaction
and the detection head within a unified backbone. Keeping the temporal branch frozen
while the frequency branch is trained separates these contributions, so each component
can be substituted independently in the ablations of Chapter 5.

4.3 Temporal Encoder

The temporal branch of the proposed detector utilizes an adapted version of SleepFM,
the sleep foundation model reviewed in Section 3.3. Instead of the published check-
point, this approach employs an encoder pretrained exclusively on EEG signals, with a
token duration shorter than in the original formulation. After pretraining, the encoder
parameters are frozen and only the task-specific modules are optimized using spindle
annotations.

4.3.1 EEG-Only Pretraining

The published SleepFM design learns multimodal representations using leave-one-out
contrastive learning, aligning the representation of one physiological modality with infor-
mation aggregated from the others. In the current setting, where only EEG is available,
the required multimodal structure is reconstructed by decomposing the EEG channels
into regional groups.

The available EEG channels are organized into frontal, central and posterior groups,
which serve as three complementary views of the same EEG interval. This partition
follows the topographic organization of spindle activity described in Section 2.1.4, where
slow spindles predominate over frontal regions and fast spindles show a stronger central
distribution.



CHAPTER 4. METHODOLOGY 33

Writing z,, for the representation of regional group m within a temporal window and
z_m, for the aggregate of the remaining groups, the pretraining objective over the set
M = {frontal, central, posterior} is

1
Lioo = ] > Ince(zm, 2om) (4.11)

meM

where {nxcg denotes the symmetric InfoNCE loss used during pretraining. The encoder
parameters are shared across the three regional groups, so the decomposition deter-
mines which representations are compared without requiring region-specific encoders.
The detailed similarity construction, temperature scaling and bidirectional contrastive
formulation are provided in Appendix A.

EEG montages vary across pretraining cohorts and the correspondence between
recorded derivations and regional groups is defined separately for each cohort to en-
sure that each recording contributes all three views. The same regional organization is
maintained when integrating the pretrained encoder into the spindle detector, with each
input chunk represented by the available frontal, central and posterior activity.

4.3.2 Input Tokenization

Before tokenization, the pretraining signals were resampled to fs = 128 Hz and band-pass
filtered. The adapted encoder produces token embeddings of dimension £ = 128.

Instead of operating at sample resolution, the tokenizer maps a window of W con-
secutive samples to a single temporal token using a convolutional encoder. Its six con-
volutional layers each apply a stride of two, contracting the input by a factor of 26 = 64
before pooling into one embedding. The value retained here is

W = 384 samples = 3 s (4.12)

which replaces the five-second tokens used in [5]. A shorter window reduces the amount
of background EEG summarized within a single token. Like £ and f, the window length
W is fixed when the encoder is pretrained and therefore constrains every downstream
use of the representation.

4.3.3 Token Grid and Temporal Embedding Extraction

The pretrained encoder defines the duration of a token but not the positions at which
tokens are placed along a recording. Extracting a temporal representation from an EEG
chunk X}, € RE*T0 therefore requires a scanning grid, whose stride S is a hyperparam-
eter of the detector rather than a property of the pretrained model. Successive windows
are placed at

(4.13)

To—W
an = nStok, n—O,...,{O J

Stok

so that token n covers the interval [a,, a,+W). Choosing Siox < W produces overlapping
windows, so a given sample contributes to several tokens and the effective density of the
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token sequence increases without modifying the encoder. Figure 4.2 illustrates the grid
obtained for Siox = W/2.

6 ] ]
sleep spindle
44 ! i
ERFR
L
o 07
w
_2_
_4_
T T T T T 1
W=3s
n=0
x n=1
[0}
©
£
c
9}
v
e} n=5
n==6
>
|Smk=1'5S T |I T T 1
0 2 4 6 8 10 12
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Figure 4.2: Token grid of the pretrained temporal encoder. Windows of length W are
placed every Siox samples, here with Siox = W /2 as an illustration.

When Ty — W is not a multiple of Siok, a final right-aligned window starting at
Ty — W is appended so that every sample remains associated with at least one temporal
window. Window positions are retained alongside the token embeddings and are used to
reconstruct token-level information on the original sample axis. The exact token-count
expression is provided in Appendix A.

Following channel pooling and temporal contextualization, the pretrained encoder
generates both a pooled representation of the complete input and a temporally ordered
sequence of token embeddings. Only the token-level representation

Zimp € REXNXE (4.14)

is retained, where B denotes the batch size and N the number of temporal tokens
associated with each input chunk.

Because each token summarizes a window of duration W, comparable to the longest
spindles, Zin, describes the signal at a coarser resolution than localization requires.
Reducing Siok refines the grid on which the position of an event is expressed without
changing the extent of signal summarized by any individual token, so precise onset and
offset may not be reliably recovered from Zi,;, alone.

The encoder remains frozen during detector training. Excluding its parameters from
gradient-based optimization preserves the representations learned from the larger pre-
training dataset.
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4.4 Frequency Branch

The pretrained temporal encoder compresses each EEG window into a single contextual
token, preserving information about the surrounding signal. However, this approach
does not explicitly capture the localized spectral activity associated with sleep spindles.
The frequency branch addresses this limitation by extracting time-frequency patterns
from the EEG and retaining their approximate position within each token, thereby
complementing Zi .

For an EEG chunk X; € RE*T0 where C denotes the number of EEG channels as
defined in Section 4.1, the frequency branch computes a fixed Morlet scalogram across
the entire chunk. Token-aligned patches are then extracted from this representation
and processed by a convolutional encoder, producing Zgeq € RBXNXE The embedding
dimension E = 128 matches that of the pretrained encoder, ensuring that Zg.eq and Zimp
share both the token grid and feature dimension.

4.4.1 Morlet Scalogram

The time-frequency representation is computed using the complex Morlet wavelets intro-
duced in Section 2.2.3, with n. controlling the trade-off between temporal and frequency
resolution.

The wavelet family contains F' = 40 kernels uniformly distributed between fii, =
1 Hz and fiax = 40 Hz,

fi = fmin + (G — DA, Af:w, j=1,...,F (4.15)

All kernels share a common support determined by the lowest analyzed frequency.
The Gaussian envelope of each wavelet is truncated at x = 3 standard deviations, result-
ing in

w = 2 [Ro-fminfs—| + ]' (416)

where f; = 128 Hz.
Let 1; denote the sampled complex kernel associated with frequency f;. The kernel
is centered and normalized to unit energy,

T
dej —Y; H2
where 1/7] denotes its sample mean. The kernels remain fixed throughout detector train-
ing.
Each EEG channel is convolved with the real and imaginary components of the
wavelets using a frame stride Hy. and symmetric zero padding p = (w — 1)/2. Frame k
is centered on sample kHg. and the scalogram coeflicient is

(4.17)

Sle,k, j] = %log (’ (xc * 1;]) [k Hi.]

i + 5) (4.18)
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where € prevents numerical instability when coefficients approach zero. The modulus
removes phase information, while logarithmic compression reduces the dynamic range.
For a chunk containing Ty samples, the number of scalogram frames is

To + 2p —
K — {WJ +1 (4.19)
HSC

and the complete representation satisfies S € REXKXF

between consecutive frames.

, with temporal spacing Hgc/ fs

4.4.2 Token-Aligned Spectral Patches

The scalogram is computed once for the entire EEG chunk and then divided according to
the windows defined by the SleepFM tokenizer. This avoids recomputing the transform
for each token and preserves a consistent time-frequency grid across the chunk.

Let a,, denote the starting sample of token n. Since each token spans W samples, its
spectral patch begins at frame a,,/Hs. and contains

(4.20)

SC

W -1
L=1+ { J
frames, indexed from a,,/Hg to an/Hs + L — 1.
Exact alignment requires every token start to coincide with the scalogram grid. De-
noting the token stride by Siok, this condition is

Stok =0 (mod Hy.), To—W =0 (mod Hy.) (4.21)

where the first condition aligns the regular tokens and the second the additional end-
anchored token introduced in Section 4.3.3. No rounding or interpolation is required
when both conditions are satisfied.

Stacking the extracted patches over the batch and token dimensions gives

P GRBXNXCXLXF (422)

where each patch P, ,, contains the spectral activity corresponding to one SleepFM token.
At chunk boundaries, zero padding may attenuate coeflicients whose wavelet support
extends beyond the recorded signal. This effect is limited to the first and last patches.

4.4.3 Proposed Frequency Encoder

Before applying the learned encoder, the token dimension is folded into the batch, giving
P € RBNXCXLXF Fach token is processed as a time-frequency map, with input chan-
nels corresponding to the EEG channels. The encoder first recalibrates the frequency
bins, then extracts localized patterns using two-dimensional convolutions and finally
summarizes the feature map through a structured readout.
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Frequency-Wise Recalibration

A squeeze-and-excitation mechanism [49] assigns a data-dependent weight to each ana-
lyzed frequency. For one token, the input patch is averaged over the EEG channels and
temporal frames,

C L
1 :
Tfreq; = A7 > Y Plekj), Theq € RF (4.23)
c=1 k=1
A two-layer projection with reduction ratio 4 transforms this summary into a fre-
quency gate,

a=0 (Wng (Wﬂ“freq + bl) + bg) (4.24)

with Wy € RE/DXE and Wy € REX(EF/4) . The function ¢ denotes the GELU activa-
tion [50], while o maps the output to a € (0,1)F. The recalibrated patch is

Ple,k, j] = a;Ple, k, j). (4.25)

The same frequency weights are applied to all EEG channels before they are combined
by the convolutional encoder.

Convolutional Feature Extraction

The recalibrated patch is processed by three two-dimensional convolutional layers follow-
ing the formulation described in Section 3.2.1, with channel widths C' — 32 — 64 — M,
where M = 64,

vd = ¢ (convgfi?, (UU—U)) . 1=1,23 UO—p (4.26)

Each layer uses a 3 x 3 kernel, unit stride, unit zero padding and a GELU activation.
The temporal and frequency dimensions are preserved throughout the stack, producing
U = U(S) € RMXLXE,

The first layer combines the input EEG channels, after which the representation
is no longer channel-resolved. The resulting feature map provides one shared spectral
representation per token, consistent with the channel-pooled temporal representation
Ztmp, while the two-dimensional kernels capture patterns localized jointly in time and
frequency.

Band-Structured Readout

Directly flattening U would make the projection size dependent on the complete time-
frequency grid, while convolution alone does not explicitly preserve the absolute fre-
quency position of a detected pattern. The readout therefore groups the feature map
into fixed physiological bands before constructing the token descriptor.
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Partitioning the frequency axis into physiological bands is motivated by [51, 52].
The partition used here isolates the sigma range and contains five disjoint intervals: low
frequency [1,8) Hz, alpha [8,11) Hz, sigma [11, 16] Hz, beta (16, 30] Hz and high frequency
(30,40] Hz. Let F} denote the frequency indices associated with band b.

The temporal axis is divided into T ordered segments of equal length, which requires
T to divide L. Let I denote the frame indices assigned to segment s,

sL (s+1)L
Iy=4k| —<k<—"—7, s=0,...,Ts—1 4.27
.
so each segment contains L/T, frames. Retaining the segment index localizes spectral
activity to a fraction 1/T; of the token rather than to the token as a whole.

For each convolutional channel, frequency band and temporal segment, the readout
computes the mean activation,

wulm, b, s] = |I||Fb|ZZUmk] (4.28)

kel, jeF,

Concatenating these statistics over the IV, = 5 frequency bands, the M = 64 convo-
lutional channels and the T temporal segments produces

veRP, D = N,MT, = 320T. (4.29)
MxLxF
UER M channels
High frequency
30-40 Hz
band b x segment s
Beta
o 16-30Hz L= v mean [p, s
XY . ——t-=
S Sigma -——
—i 11-16 Hz token descriptor v
=2
Alpha
8-11 Hz
Low frequency D=N,MT,
1-8 Hz s

Ts temporal segments

Figure 4.3: Band-structured readout. Each tile formed by a frequency band and a
temporal segment is summarized by its mean and concatenated across all tiles and
channels into the descriptor v.

The descriptor preserves coarse frequency organization and intra-token temporal po-
sition.
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Frequency Embedding Projection

The descriptor is projected to the dimension of the pretrained temporal representation,

Zfreq = LN (Wp’U + bp) s Wp S REXD (430)

where LN denotes layer normalization [53]. Restoring the batch and token dimensions
gives

Ztreq € REXNXE, (4.31)

The frequency sequence thus shares the token index and embedding dimension of
Zimp, allowing both representations to be combined directly by the fusion module.

4.5 Time-Frequency Fusion

The EEG signal is represented using two complementary approaches. The temporal
branch models the progression of the waveform and its contextual information, while
the frequency branch focuses on localized spectral features. Both representations are
constructed on a shared token grid, with Ziyp, Ztreq € RBXNXE,

Consequently, tokens with the same index correspond to the same EEG interval.
However, this temporal alignment does not ensure that the two embeddings exhibit
identical latent structures, since each branch extracts distinct signal properties. The fu-
sion module enables one representation to attend to the other and an auxiliary objective
is introduced to promote consistency between corresponding tokens.

4.5.1 Cross-Attention Fusion

Although the temporal and frequency representations are defined on the same token
grid, they encode different properties of the EEG. Accordingly, the fusion module uses
the frequency stream as the query sequence and the temporal stream as the source of
contextual information. Each frequency token can thus retrieve the temporal features
most relevant to its spectral content.

The query, key and value sequences are obtained through independent linear projec-
tions,

Qf = ZieaWsq . Ki=ZupyWg,  Vi= ZmpWy (4.32)

where Wo, Wi, Wy € REXE,

A fixed sinusoidal positional encoding is added to the queries and keys prior to
computing attention scores. This encoding preserves the temporal order of the token
sequence and enables the similarity function to distinguish identical features at different
positions.

The projected sequences are divided into n, = 8 heads of width E/n, = 16, as
illustrated in Figure 4.4. For head i, scaled dot-product attention is defined as
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o (k7).
VE]m

The attention weights determine the contribution of the temporal stream to each
frequency token and therefore allow this contribution to vary across positions [36].
The outputs of the nj, heads are concatenated and projected back to width E,

head; = softmax Vt(i) (4.33)

A = Concat (heady, .. ., head,, ) Wg, Wo € REXE (4.34)

The attended representation is then added through a residual connection with dropout [54],

Zattn = LN (Zgreq + Dropout(A)) (4.35)
( ) Multi-Head Cross-Attention
Scaled Dot-Product Attention
+ positional encoding T
Y I'd T
OfKtT
e Concat
scale 1/VE/h ?
* S ——
softmax - Scaled Dot-Product h
Dot Product — T T T
l Linear Linear Linear
head; T T T
o
. J

Figure 4.4: Cross-attention fusion. The frequency stream provides the queries and the
temporal stream the keys and values, over n;, heads.

The residual path maintains the frequency representation, while the cross-attention
mechanism introduces temporal context where it is useful. A position-wise feed-forward
network further transforms the resulting features,

Ztused = LN (Zagtn + Dropout (FEN (Z,44n))) (4.36)

where the inner width of the feed-forward network is 4E. As all operations preserve the
token dimension, Zgseqd € RE*N*F remains defined on the original grid.
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4.5.2 Auxiliary Alignment

The two branches characterize the same interval from complementary views and the
cross-attention of Equation 4.33 lets the frequency stream draw on the temporal one.
This exchange may benefit from consistency between the two representations, a prop-
erty not enforced by attention alone. Enforcing identical sequences would make the
frequency branch redundant, so the auxiliary objective operates on distributions rather
than individual vectors and learns a variance for each latent dimension.

A shared projection head maps both sequences to diagonal Gaussian distributions [44],

(Hq>10805) = hatign (Z),  q € {tmp, freq} (4.37)

Using the same projection head for both branches establishes a shared comparison
space. Writing Qiox = {1,...,B} x {1,..., N} for the token indices of a batch, the
consistency loss is defined as

1 b, b,
Lcons = T Z DKL (qgmg)ntéreg)) (438)
[$2eok (b,) €0k

For diagonal Gaussians, this divergence with dajig, = 64 has the closed form

dalign 2 2 2
1 Ofreqii .~ Otmpyi T (Htmp,i — ffreq,i)
Dx, (dmplldiea) = 5 D [10 A e . (4.39)

i=1 tmp,i O-freq,i

where the log-variances are bounded to [—6, 2] for numerical stability. Placing the tem-
poral stream first leverages the asymmetry of the divergence, penalizing a frequency
distribution that is narrower than its reference.

The Gaussian parameters of the temporal stream are detached after the head, so the
temporal stream acts as a fixed teacher and the shared head is trained only through the
frequency branch. This teacher-student arrangement [45] employs a probabilistic feature
representation related to variational distillation [46].

4.6 Dense Decoder

The fused representation Zggeq € REXN*F is defined on the token grid, while the pre-
diction targets are specified at the original sampling resolution. The decoder therefore
maps it to a sample-level representation H € REXT0xd with d = 64.

This reconstruction integrates wavelet-based token synthesis, intra-token frequency
features preserved by the structured readout and residual temporal refinement. The
complete decoder is shown in Figure 4.5.
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Figure 4.5: Dense decoder. The fused tokens are reconstructed at sample resolution
by a localized wavelet synthesis, while the intra-token frames are expanded by nearest-
neighbor upsampling. Both branches are recomposed by overlap-add, concatenated and
refined by the temporal convolutional network.

4.6.1 Token-to-Sample Wavelet Construction

Fach fused token is reconstructed over its original window of W = 384 samples using
a fixed bank ¥ € REaxFPaxW of [ — 16 Morlet atom types, each evaluated at P, = 6
candidate positions within the window. The complete construction of the fixed atom
bank is provided in Appendix B.

For each token z,, = Zf(fs)e @
coefficients and position logits,

two task-specific multilayer perceptrons predict the atom

Cn = fC(Zn) € RKGXd7 Ln = fL(Zn) € RKGXPE (4'40>
where both MLPs follow

fq(2) = Wy 2Dropout (¢ (Wy 1LN(2) + bg.1)) + by 2, qe{C,L} (4.41)

A softmax operation over the P, positions yields a placement distribution for each
atom. The localized form of atom k is

P,
An,k,w = Z Wn,k,m\:[lk,m,w (442>
m=1

The reconstructed feature vector at position w of token n combines a token-level
base projection with the weighted atoms,
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Kq
X = LN (Wozn + ) + Y AnkwCoiks X0 € RY (4.43)

k=1
The atom bank remains fixed, while atom coeflicients and position probabilities are
predicted from each token. The reconstructed windows are aligned on the sample axis
according to the token start positions a,. Let I; = {(n,w) | a, + w = t} denote the
window positions contributing to sample ¢. Since the token windows overlap, each sample
is covered by several of them. Following the standard overlap-add reconstruction [12],

the windows are weighted by a Hann window ¢ of length W

Z(n,w)elt ngn,w

S e Zsample|t] € R? (4.44)
n,w)elt

Z sample [ﬂ =

4.6.2 Frame-Aware Skip Fusion

The band-structured readout of Section 4.4.3 retains the mean activation along the
temporal segment index s, providing each token with T; intra-token frames,

o € RBXNxT:xQ (4.45)

where each frame concatenates the mean across the N, frequency bands and M convo-
lutional channels, resulting in Q = N,M = 320.
These segment-level features are projected to the decoder width,

$=LN (@W} + bf) € REXNXTixd (4.46)

with Wy € R¥*? . For each token, nearest-neighbor upsampling expands the T, segments
to the W sample positions. The expanded windows are subsequently averaged on the
original timeline,

1 _
Ziwamelt] = {7 > Up (@), €R? (4.47)
(

n,w)el;

Nearest-neighbor expansion preserves each segment value without interpolation and no
Hann weighting is applied because tapering would modulate these piecewise-constant
features within the token.

Zcomb = <Z> ([Zsample ;Zframe] WST + b5> [= RBXToxd (448)

where W, € R4x2d,
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4.6.3 Dense Temporal Refinement

The fused sample-level sequence is refined using a temporal convolutional network [55],
consisting of N,, = 5 residual blocks of dilated one-dimensional convolutions. Each block
applies two convolutions with kernel size 7 and dilation &y,

r®) = LN (h(e_l) + Convy g, (Dropout (qb (Convmgl (h(€_1)>)))) (4.49)

with h(0) = Zeomb- The dilation schedule enlarges the temporal receptive field without
reducing sample resolution. No recurrent or attention block is applied. The decoder
output is

H = hV) ¢ RBXxToxd (4.50)

4.7 Prediction Heads

The dense decoder produces the sample-level representation H defined in Equation 4.50,
where H; € R? describes sample t. A shared projection first maps this representation to
features used by all prediction tasks,

G = Dropout (¢ (W,LN(H;) + by)) (4.51)

where ¢ denotes the GELU activation. This shared projection provides common features
to the three prediction tasks.

Three task-specific multilayer perceptrons (MLPs) [56] then estimate the spindle
probability, boundary offsets and temporal class introduced in Section 4.1,

Gt = 0 (fmask(G1)),  be = fona(Gy), & = softmax (fus(Gy)) (4.52)

Each MLP applies a linear layer, GELU activation and dropout [54], followed by a
task-specific output layer. The module is applied independently at every sample. Its
organization is shown in Figure 4.6.



CHAPTER 4. METHODOLOGY 45

He
decoder output, width d

Shared projection
LayerNorm - Linear - GELU - Dropout
l ! )
Mask MLP Boundary MLP Class MLP
1 logit 2 outputs 3 logits
Comn ) o]
2 by R ¢ [0,1P
spindle probability boundary offsets temporal class

Figure 4.6: Organization of the prediction heads. A shared projection is applied to the
decoder output, after which three task-specific perceptrons produce the spindle proba-
bility, the boundary offsets and the temporal class.

4.8 Training Objective

The detector is trained using three dense outputs, as detailed in Section 4.7, together with
auxiliary constraints that promote representation consistency and regulate predicted
spindle properties.

4.8.1 Dense Prediction Losses

All dense losses are computed across samples Q = {1,...,Tp} within each segment.
Supervision of the spindle mask is accomplished by jointly applying focal and Dice
losses.

Lseg = Lifocal + Ladice (453)

The focal loss reduces the impact of confidently classified samples and emphasizes
positions that are difficult to distinguish [57].

1 Ut yr =1
Liocal = _ﬁ Z Qg (1 - pt)’y logpt, bt = ’ “ (454)
€9 = 1—3, ye=0
In this context, a; balances positive and negative samples, while v modulates the
down-weighting of easily predicted samples. The Dice loss directly supervises the overlap
between predicted and reference spindle regions.

2 ZteQ Ytyr + €
Yica bt 2oy e

This loss is computed with probabilities rather than thresholded predictions, which
reduces the dominance of background samples. As a result, the two losses provide
complementary supervision at both the sample and region levels.

Ldice =1-

(4.55)
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Boundary regression is restricted to the positive sample set QT defined by the ground
truth. Predicted offsets are optimized using the smooth ¢; loss [58]. The offsets are
normalized by fs, so that the residual is measured in seconds and the transition of /g
occurs at an error of 3 seconds.

Lina = 2!Q+!Z > EB(A A) (4.56)

teQt ue{on,off}

where

lz| — £8 otherwise

lg(w) = {35 =l < B, (4.57)

The quadratic region enables precise boundary refinement, whereas the linear region
constrains the influence of large offset errors.
The temporal class head is supervised using weighted cross-entropy,

Las = Q cht logctct (4.58)
‘ | teQ
The class weights w, are automatically computed from the training-set class distri-
bution. Boundary and spindle-interior samples receive larger weights because they occur
less frequently than background samples.

4.8.2 Auxiliary Objectives

The auxiliary objective includes the token consistency term described in Section 4.5.2,
together with a frequency constraint imposed on predicted event candidates.
For an event e, the sigma prominence is defined as

Ea,e

_ 4.59
Ea,e + Ectx,e ( )

Pe =

Here, E,. represents the energy in [11,16]Hz and E.ix . represents the energy in

[5,11) U (16,25|Hz. Events with prominence below the reference level are penalized
using

1
Lfreq = m Z max (07 Pth — pe) (460)

e€Qevt

with py, = 0.70.! This ratio reduces sensitivity to amplitude variations across different
recordings. When no predicted event candidates are present, i.e., |Qeyt| = 0, Lfreq is set
to zero.

The complete auxiliary term is

Lalign = Lcons + Lfreq (461)

!Computed based on the mean prominence of the ground truth.
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4.8.3 Combined Objective
The final training objective combines the dense prediction losses with the auxiliary con-
straints,

L= )\segLseg + AbndLbnd + )\clchls + )\alignLalign (462)

The coefficients set the contribution of each term to the gradient. Parameters of the
auxiliary head are used exclusively during training.
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Experiments

5.1 Experimental Setup

5.1.1 Dataset and Annotation Protocol

The experiments used the MASS-SS2 dataset [26], re-annotated for sleep spindles by
Olivier Pallanca. This annotation set, hereafter denoted OPA, is distinct from the pub-
licly available MASS-SS2 annotations and had not previously been used to evaluate
automatic detectors. The public MASS-SS2 annotations were not used for the primary
experiments, which relied on the OPA annotations because their morphology and bound-
aries were more consistent with the spindle criteria adopted in this study (Section 2.1.4).
They were nevertheless used later in the published protocol and annotation source com-
parison experiments. Three EEG channels were extracted for each participant: C3,
F3 and O1, corresponding to the central, frontal and occipital regions defined in Sec-
tion 2.1.3. All nineteen participants provide these three channels and the reference
spindle annotations were defined on C3.

The OPA annotations contain 29573 spindle events scored across sleep stages N2
and N3. As they come from a single scorer, their boundaries remain subject to the
uncertainty discussed in Section 2.3.1. The onset and offset times were converted into
sample-aligned targets following Section 2.3.2.

5.1.2 Data Preparation and Subject-Wise Splits

Fach EEG channel was read from the source recording at its original sampling rate and
band-pass filtered between 0.3 and 40 Hz using a fourth-order zero-phase Butterworth
filter. The filtered signal was then resampled to 128 Hz through polyphase filtering.

Each selected channel was standardized over the complete recording before the ana-
lyzed intervals were extracted as Ts[n] = (xs[n] — ps)/os, where us and oy denote the
mean and standard deviation of the corresponding derivation for participant s. After
resampling, each annotated time ¢, expressed in seconds, was mapped to the 128 Hz grid
by multiplying it by 128 and rounding to the nearest sample.

48
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The recordings were partitioned into contiguous, non-overlapping 300-second chunks
containing 38400 samples. A fixed subject-wise split was used throughout the primary
OPA experiments, balancing spindle count, total spindle duration and available EEG
duration across the training, validation and test subsets. All chunks from a participant
remained in the same subset, preventing subject-level overlap. Table 5.1 summarizes the
resulting distribution and the exact subject split is given in Appendix F.

Table 5.1: Distribution of the OPA-annotated MASS-SS2 data.

Subset Participants Chunks Duration (h) N2 N3 Total
Training 13 1264 105.3 16833 3143 19976
Validation 3 272 22.7 3595 667 4262
Test 3 332 27.7 4134 1201 5335
Total 19 1868 155.7 24562 5011 29573

5.1.3 Training

The SleepFM backbone remained frozen, while all task-specific modules were optimized
jointly using the objective defined in Section 4.8. Hyperparameters were selected with
Optuna [59] using 29 trials that maximized F;@0.2+0.5F;@0.5 on the validation subset.
The best configuration was retained.

Table 5.2: Training configuration used across the experiments.

Parameter Value Parameter Value
Optimizer AdamW Focal loss 0.561
Training epochs 40 Focal loss 2.416
Learning rate 4x107° Smooth ¢; transition 8 0.065
Weight decay 107° Aseg 0.755
Batch size 16 Abnd 1.817
Gradient clipping 1.0 Acls 1.0
Dropout 0.2 Aalign 0.462
Learning-rate reduction factor  0.527 Scheduler patience 3

Stok 192 samples  Random seed 42

5.1.4 Inference and Evaluation Protocol

The sample-level spindle probabilities were thresholded to form contiguous candidate
regions. Within each region, the predicted boundary offsets generated onset and offset
proposals that were aggregated using probability-weighted medians. Boundary offsets
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are expressed in samples during decoding, while their training residual is normalized by
fs. The complete decoding procedure is detailed in Appendix C.

The probability threshold was searched from 0.40 to 0.70 in increments of 0.01, while
the merge gap was searched from 0 to 0.20 seconds in increments of 0.05. The complete
grid was evaluated on the validation subset after each epoch and the checkpoint and
operating point maximizing validation event-level F1@0.2 were retained. The selected
configuration was then applied unchanged to the test subset, which was not involved in
model or parameter selection. No duration-based filtering was applied.

Predicted and reference events were matched one-to-one using the greedy strategy
described in [24]. A prediction and a reference event were matched when their IoU was
greater than or equal to a fixed threshold. Precision, recall and F1 score were computed
at ToU thresholds of 0.2, 0.3 and 0.5, following Section 2.4. True positives, false positives
and false negatives were pooled over all test chunks before computing these metrics, so
the reported F'1 score is computed across individual spindle events rather than averaged
per subject.

5.1.5 Implementation and Computational Environment

The models were implemented in Python using PyTorch 2.0.1 with CUDA 11.7 and
executed on the Idiap computing cluster through Slurm. Most experiments used a single
NVIDIA GeForce RTX 3090 GPU with 24 GB of memory, while NVIDIA Tesla V100S
GPUs with 32 GB were used when required. Training was conducted in single-precision
floating-point arithmetic without automatic mixed precision. A complete 40-epoch run
of the final configuration required approximately ten hours on an RTX 3090, including
validation decoding after each epoch and final evaluation.

5.2 Ablation Studies

The following experiments examine the contribution of the main design choices intro-
duced in Chapter 4. Unless explicitly stated otherwise, each experiment modifies a
single component while preserving the remaining architecture, training procedure, and
decoding protocol. This controlled setting limits the influence of simultaneous changes
and allows the observed differences to be associated with the component under inves-
tigation. All ablation results are reported on the validation subset, which is used for
architectural analysis and model selection. The held-out test subset remains excluded
from this process and is reserved for the final evaluation in Section 5.3 and the compar-
ison with existing methods in Section 5.4.

5.2.1 Temporal Encoder

The proposed architecture uses a frozen SleepFM encoder for temporal modeling. To
assess its contribution, it is compared with a Transformer, BiLSTM and TCN trained
from scratch on the same token grid.
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Table 5.3: Effect of the temporal encoder. The frozen pretrained SleepFM encoder is
compared with three encoders trained from scratch.

F1 at IoU Temporal encoder

SleepFM  Transformer BiLSTM  TCN

0.2 0.7950 0.7954 0.7902  0.7869
0.3 0.7918 0.7923 0.7878  0.7846
0.5 0.7589 0.7602 0.7529  0.7541

A from-scratch Transformer achieves performance comparable to the frozen SleepFM
encoder, while the recurrent and convolutional variants remain slightly below it. At
this scale, pretraining provides no clear performance advantage over a temporal encoder
trained from scratch. SleepFM is nevertheless retained because it served as the backbone
from the beginning of this work, before SleepGPT was released and the architecture was
developed around its representation. This experiment does not assess pretraining at
the full capacity of SleepFM. It only shows that, in the present configuration, a smaller
Transformer trained from scratch is sufficient to match it.

5.2.2 Frequency Representation

The frequency branch exposes the localized spectral features that the pretrained tokens
discard. Its main architectural choices are evaluated through ablations of the signal
transform, encoder input, convolutional encoder and structured readout.

Signal Transform

The Morlet scalogram of Section 4.4.1 is compared with the STFT of Section 2.2.2 and
a learned SincNet filterbank [60].

Table 5.4: Effect of the signal transform.

F1 at IoU Transform

Morlet STFT SincNet

0.2 0.7950  0.7904 0.7899
0.3 0.7918  0.7856 0.7858
0.5 0.7589  0.7464 0.7503

The Morlet representation achieves the highest F1 score at every IoU threshold.
The difference becomes more apparent at IoU 0.5, where it exceeds the STFT and
SincNet by 0.0125 and 0.0086, respectively. This advantage under stricter boundary
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matching is consistent with the frequency-dependent temporal resolution of the Morlet
representation.

Encoder Input

Three input modifications are compared with the unmodified scalogram. Frequency re-
calibration uses either the retained frequency-wise squeeze-and-excitation module (f-SE)
or a finer time-frequency variant (TF-SE) [49]. A second family introduces A7-inspired
physiological descriptors [22], either through a projected token or direct concatenation.
The final variant appends fixed frequency-coordinate maps encoding absolute frequency
position and the sigma range [61]. Their exact construction is reported in Appendix D.1.

Table 5.5: Effect of the encoder input.

F1 at IoU Recalibration Physiological descriptors Frequency coordinates
None {-SE TF-SE Token Direct v

0.2 0.7935 0.7950 0.7893 0.7897 0.7942 0.7932

0.3 0.7898 0.7918 0.7866 0.7860 0.7917 0.7907

0.5 0.7577 0.7589 0.7531 0.7527 0.7572 0.7578

Frequency-wise recalibration gives the highest scores, although its gain over the un-
modified scalogram remains modest. TF-SE, handcrafted descriptors and fixed frequency
coordinates provide no improvement. The simpler frequency-wise gate is therefore re-
tained.

Frequency Encoder

Frame injection is disabled for the encoder and readout ablations because the alternative
configurations do not produce the descriptor required by this connection. Their reference
is therefore the retained model without frame injection, which reaches F;@0.2 = 0.7905,
rather than the complete-model score of 0.7950.

The retained convolutional encoder of Section 4.4.3 is compared with an alternative
that divides the representation into three physiological bands and combines their features
through attention [52].
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Table 5.6: Effect of the frequency encoder. The reference is the retained model without
frame injection.

F1 at IoU Encoder

CNN Attention on 3 bands

0.2 0.7905 0.6797
0.3 0.7871 0.6391
0.5 0.7524 0.5293

The three-band attention encoder substantially reduces performance, with a larger
gap at stricter IoU thresholds. At IoU 0.5, the convolutional encoder reaches 0.7524
against 0.5293. This result supports preserving the complete frequency axis during
encoding and introducing physiological band organization only at the readout.

Structured Readout

The structured readout of Section 4.4.3 is compared with flattening, global pooling and
band pooling. Global pooling averages over both temporal and frequency axes, band
pooling preserves coarse frequency organization while averaging over time and frame-
wise band pooling additionally retains the T intra-token temporal segments defined in
Equation 4.27.

Table 5.7: Effect of the readout. The reference is the retained model without frame
injection.

F1 at ToU Readout

Flatten  Global pooling  Band pooling  Frame-wise band pooling

0.2 0.7765 0.7727 0.7291 0.7905
0.3 0.7729 0.7690 0.7114 0.7871
0.5 0.7356 0.7274 0.6293 0.7524

Frame-wise band pooling achieves the highest performance at every IoU threshold.
Its large advantage over band pooling shows that preserving frequency organization alone
is insufficient when temporal variation within the token is averaged away. Flattening
also remains below the structured readout, supporting an explicit organization of both
frequency and intra-token position.

Parameter Sensitivity

The sensitivity of the retained frequency branch to Hgc, n., encoder depth and T was
additionally evaluated. The retained values remained close to the best-performing con-
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figurations across all IoU thresholds and no parameter exhibited a sharp optimum. The
complete analysis is reported in Appendix D.2.

5.2.3 Auxiliary Alignment

The temporal and frequency branches share the same token grid but are produced by
independently trained encoders and may therefore have incompatible latent structures.
Jointly fine-tuning SleepFM could reduce this mismatch, but the temporal backbone is
kept frozen to preserve its pretrained representation and avoid the cost of adapting the
full encoder. Instead, Zymp and Zgeq are regularized during training by the auxiliary
objective defined in Section 4.8, without modifying inference.

The retained Gaussian KL formulation is compared with four alternatives. In this
comparison, the frequency constraint L .., is kept unchanged across all configurations,
so only the representation-consistency component is varied. TemporalAlign applies a
residual two-layer temporal convolution, CCA encourages correlated projections [62],
InfoNCE attracts corresponding tokens while separating non-corresponding pairs [63]
and fo matching directly minimizes their distance.

Table 5.8: Effect of the auxiliary objective.

F1 at IoU Alignment objective

Gaussian KL TemporalAlign CCA  InfoNCE /3 matching

0.2 0.7950 0.7775 0.7848  0.7847 0.7885
0.3 0.7918 0.7736 0.7824  0.7806 0.7836
0.5 0.7589 0.7369 0.7464  0.7467 0.7499

The Gaussian KL objective achieves the highest F1 score at every IoU threshold.
TemporalAlign reduces F1 by 0.0175, 0.0182 and 0.0220, indicating that the additional
temporal convolution is unnecessary once both branches share the same grid. CCA
and InfoNCE also reduce performance, while direct 5 matching remains intermediate.
These results suggest that alignment is most useful when it makes the representations
compatible without forcing them to become identical.

5.2.4 Time-Frequency Fusion

The fusion module combines the temporal and frequency token representations before
dense reconstruction. Its design is evaluated through controlled ablations in which only
the fusion component under study is modified.

Fusion Mechanism

The retained mechanism is the residual cross-attention of Section 4.5.1, where Zeq
provides the queries and Zi, the keys and values. It is compared with concatena-
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tion [64], gated cross-attention [40] and a selective variant combining head-specific posi-
tional bias [65] with a learned attention temperature.

Table 5.9: Effect of the fusion mechanism.

F1 at IoU Fusion mechanism

Cross-attention Concatenation Gated  Selective

0.2 0.7950 0.7876 0.7877  0.7906
0.3 0.7918 0.7841 0.7844  0.7868
0.5 0.7589 0.7497 0.7535  0.7558

Residual cross-attention achieves the highest F'1 score at every IoU threshold. Con-
catenation and gated attention remain below it, while the selective mechanism is the
strongest alternative. Neither residual gating nor modification of the attention distribu-
tion improves over the standard cross-attention formulation.

Query Direction and Branch Contribution

The query direction determines which representation is preserved by the residual pathway.
The retained configuration uses Zg.q as the query stream, while reversing the direction
preserves Zimp. Frame injection is disabled throughout this experiment because other-
wise the temporal-only configuration would still receive frequency information through
& (Section 4.6.2). The comparison therefore isolates the fused token representation and
the contribution of each branch.

Table 5.10: Effect of the query direction and individual branch contribution without
frame injection.

F1 at IoU Query stream Single branch

Frequency Temporal Frequency only Temporal only

0.2 0.7905 0.5978 0.7871 0.5533
0.3 0.7871 0.5613 0.7835 0.5195
0.5 0.7524 0.4528 0.7475 0.4196

Supplying Zeq directly to the decoder reduces F1 by only 0.0034, 0.0036 and 0.0049
across the three IoU thresholds, showing that the frequency branch alone retains most
of the information required for dense localization. In contrast, using Zim, alone reduces
F1@0.5 from 0.7524 to 0.4196. Reversing the query direction is only marginally better,
reaching 0.4528 despite retaining access to frequency features as keys and values.

These results show that the frozen temporal representation is insufficiently localized
when it forms the main pathway to the decoder. The frequency representation instead
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provides the primary localization information, while the temporal branch contributes
most effectively as contextual information. This asymmetry also motivates the frame-
injection analysis of Section 5.2.5.

5.2.5 Dense Decoder

The dense decoder reconstructs a sample-level representation from Zpgeq, reinjects the
intra-token features ® and refines the resulting sequence temporally. The following
experiments examine the token-to-sample converter, the temporal refiner, its receptive
field and the frame injection.

Token-to-Sample Converter

The localized wavelet converter of Section 4.6.1 is compared with simpler reconstruction
schemes. The overlap-add MLP replaces wavelet synthesis with a learned window pro-
jection, while the wavelet-midpoint and midpoint-MLP variants retain only the central
region of each reconstructed window, following the central-crop strategy of SleepGPT [6].
Two additional variants incorporate the intra-token descriptors directly through either
wavelet construction or per-frame concatenation.

Il Localized wavelet Wavelet midpoint Bl Intra-token wavelet
Bm Overlap-add MLP Midpoint MLP W Per-frame concat.

0.80

0.79 -

0.78

0.77

0.76 1

.
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Intersection-over-union threshold

Event-level F1

Figure 5.1: Effect of the token-to-sample converter across the evaluated IoU thresholds.

The localized wavelet converter achieves the highest F1 score at every IoU threshold,
with the intra-token wavelet as the closest alternative at IoU 0.2 and 0.3. The overlap-
add MLP remains consistently below it, while the midpoint MLP produces the largest
decrease, particularly at IoU 0.5. These results support structured wavelet synthesis
with overlapping reconstruction rather than central-window selection.
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Temporal Refiner

The TCN of Section 4.6.3 is compared with a BILSTM [20], a one-dimensional U-Net [33],
a multi-scale dilated architecture [66] and a windowed temporal encoder [36]. The con-
verter and frame injection remain unchanged across configurations.

Table 5.11: Effect of the temporal refiner.

F1 at IoU Temporal refiner

TCN BIiLSTM  U-Net Multi-scale Temporal encoder

0.2 0.7950 0.7873 0.7879 0.7909 0.7732
0.3 0.7918 0.7841 0.7847 0.7872 0.7699
0.5 0.7589 0.7511 0.7530 0.7550 0.7294

The TCN achieves the highest F1 score at every IoU threshold, with the multi-scale
variant as the closest alternative. The BiLSTM and U-Net remain slightly below it, while
the windowed temporal encoder produces the largest decrease. These results support
retaining the TCN for sample-level temporal refinement.

Receptive Field

The TCN receptive field was additionally varied by modifying its dilation schedule. The
retained 1.51-second configuration provides the highest F'1 score at IoU 0.5, while longer
receptive fields offer no consistent improvement. The complete analysis is reported in
Appendix D.

Frame Injection

The frame-aware connection of Section 4.6.2 reinjects the intra-token features ® after
sample-level reconstruction. Its contribution is evaluated by removing this connection
while leaving the remaining decoder unchanged.

Table 5.12: Effect of the frame injection.

F1 at IoU Frame injection

Enabled Disabled Difference

0.2 0.7950 0.7905 +0.0045
0.3 0.7918 0.7871 +0.0047
0.5 0.7589 0.7524 +0.0065

Frame injection improves F1 at every IoU threshold, with a slightly larger gain
under stricter event matching. Although the gain is modest with the complete fused
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representation, the branch ablation of Section 5.2.4 shows that ® provides an additional
source of localized frequency information when the temporal representation is supplied
to the decoder.

5.2.6 Optimization Configuration

The reference model was trained with AdamW. To assess its sensitivity to the optimiza-
tion strategy, the same architecture and data split were retrained with SGD [67]. SGD
used a learning rate of 1072, a momentum of 0.9 and no Nesterov acceleration. The
model was trained over 80 epochs. The longer training accounts for the slower conver-
gence of SGD.

Table 5.13: Effect of the optimization configuration.

F1 at IoU AdamW SGD

0.2 0.7950 0.7893
0.3 0.7918 0.7865
0.5 0.7589 0.7530

AdamW achieves the highest F1 score. The best SGD checkpoint was selected at
epoch 40, whereas the AdamW checkpoint was selected at epoch 39. These results indi-
cate limited sensitivity to the optimization configuration and support retaining AdamW
as the reference setting.

5.3 Results Analysis

The retained model is analyzed on the OPA test subjects (Appendix F.1) in terms
of detection performance, temporal localization, physiological consistency and failure
modes.

5.3.1 Detection and Localization Quality

Table 5.14 reports event-level performance at the three IoU thresholds used throughout
the experiments. Precision and recall remain closely balanced. With the validation-
selected threshold n = 0.59 and merge gap of 0.2 seconds, F1 decreases from 0.7950 at
IoU 0.2 to 0.7575 at IoU 0.5.
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Table 5.14: Event-level performance on the OPA test set.

IoU Precision Recall F1 TP FP FN

0.2 0.7914 0.7987 0.7950 4261 1123 1074
0.3 0.7883 0.7955 0.7919 4244 1140 1091
0.5 0.7541 0.7610 0.7575 4060 1324 1275

Figure 5.2 extends the comparison across the complete range of matching thresh-
olds. Performance remains stable under moderate overlap requirements and decreases
more rapidly only when close agreement between predicted and reference boundaries is
imposed.
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Figure 5.2: Event-level F1 as a function of the IoU threshold on the OPA test set.

Among pairs matched at IoU 0.2, the median overlap is 0.78. The interquartile range
is 0.69-0.86. In addition, 95% of matched pairs exceed an IoU of 0.5 and 72% exceed 0.7.
The complete distribution is reported in Appendix D.4.

False-positive predictions have a median event score of 0.98, indicating that they
are not due to weak model outputs. Since OPA provides a single annotation set, these
events cannot be clearly interpreted as either plausible unlabeled spindles or confident
model errors.

5.3.2 Boundary Placement

Figure 5.3 shows the localization errors of matched events. Predicted onsets occur a me-
dian of 8 ms after the reference and offsets 31 ms before it, producing a median duration
error of —55ms. The limited median displacement indicates little systematic bias, while
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the broader event-to-event variability explains the performance reduction at stricter ToU
thresholds.
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Figure 5.3: Localization errors for matched event pairs. The left panel shows the signed
onset and offset errors. The right panel shows the resulting duration error.

5.3.3 Physiological Consistency

Figure 5.4 compares spindle density and duration with the OPA annotations using the
spindle statistics defined in Section 2.4.4. Density is underestimated for two subjects and
overestimated for the third, indicating no consistent directional bias. Predicted durations
remain slightly shorter and less dispersed, consistent with the boundary analysis.
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Figure 5.4: Physiological consistency of the predicted events. The left panel compares
spindle density for each test subject. The right panel compares the predicted and refer-
ence duration distributions.
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5.3.4 Error Characterization

Recall varies strongly with sigma amplitude, increasing from 0.42 in the lowest amplitude
quartile to 0.96 in the highest. Missed detections are therefore concentrated among
events with weak oscillatory evidence. Duration has a less pronounced effect, with recall
increasing from 0.64 in the shortest quartile to 0.92 in the longest. Within the evaluated
test set, low sigma amplitude is more strongly associated with missed detections than
short duration.

Recall by amplitude and duration quartile

By amplitude By duration

recall

Q1 qQz Q3 Q4 Q1 Q2 Q3 o4
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Figure 5.5: Recall stratified by sigma-amplitude and duration quartiles. Recall varies
more strongly with sigma amplitude than with event duration.

5.3.5 Additional Diagnostics

Matched spindles exhibit important temporal overlap and limited recurring boundary
displacement. Duration is recovered with a mean absolute error of 206 ms and a correla-
tion of r = 0.71, while spindle density reaches a mean absolute error of 0.60 events/min
and a correlation of » = 0.91. Median peak sigma frequency is 13.2 Hz for the reference
events and 13.3 Hz for the predictions.

Fragmentation and merging remain below 1% and subject-level F1 ranges from 0.75
to 0.83, indicating that pooled performance is not driven by a single recording. At the
sample level, the model reaches an ROC AUC of 0.980 and a false-positive rate of 0.051
at 90% sensitivity. The complete diagnostic statistics are reported in Appendix D.5.

5.4 Comparison and Generalization with the State of the
Art

This section compares the proposed architecture with SUMO [34], BLAST [20] and
SleepGPT [6] under common, published and cross-dataset evaluation settings.
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5.4.1 Comparison Protocol

Detection scores depend on the evaluated subjects, reference annotations and event-
matching procedure. The evaluation is therefore organized into three complementary
settings. Event matching and event-level metrics follow Section 5.1.4.

Common-protocol comparison. The proposed model, SUMO [34] and BLAST [20]
are trained and evaluated on the same OPA split using identical annotations, validation-
based threshold selection and event matching. The hyperparameters of SUMO and
BLAST are optimized on the validation set to ensure a fair comparison, with the retained
values reported in Appendix E. This setting provides the direct architectural comparison.

Published Protocols comparison. The proposed architecture is also evaluated un-
der the protocols of the three reference methods. The SUMO protocol is reproduced
directly from its released MODA partition (Appendix F.2). The original BLAST and
SleepGPT fold assignments are unavailable and are therefore reconstructed following
their reported procedures. BLAST and the proposed architecture are retrained on re-
constructed MASS-SS2 E1UE2 folds (Appendix F.3). SleepGPT is not retrained. The
proposed architecture is evaluated under reconstructed five-fold E1 and E2 protocols
and compared with the published SleepGPT scores (Appendix F.4). The proposed ar-
chitecture hyperparameters remain fixed and are not re-optimized for each annotation
source. Following the reported SleepGPT protocol, the validation and test folds coin-
cide, so these results should be interpreted as protocol reconstructions rather than exact
replications.

Cross-dataset comparison. Zero-shot transfer is evaluated on the 166-subject MODA
subset obtained after excluding the 14 MASS-SS2-derived recordings, leaving 4938 ref-
erence events. Decoding parameters are selected on MASS-SS2 validation data and
applied to MODA without fine-tuning or recalibration. The first experiment varies the
MASS-SS2 training annotations among OPA, E1, E2 and E1UE2 using a common split
(Appendix F.5). The second reuses the proposed model, SUMO and BLAST from the
common-protocol comparison in Section 5.4.2 and evaluates them directly on MODA.

5.4.2 Common-Protocol Comparison

Table 5.15 compares the proposed model, BLAST and SUMO under the common OPA
protocol, with 7 selected independently on the validation set for each method.
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Table 5.15: Common-protocol comparison on the OPA test split.

Method n Precision@0.2 Recall@0.2 F1@0.2

Proposed  0.59 0.7914 0.7987 0.7950
BLAST 0.56 0.7922 0.7703 0.7811
SUMO 0.68 0.8207 0.7208 0.7675

The proposed model achieves the highest F1 score (0.7950), exceeding BLAST by
0.0139 and SUMO by 0.0275. It achieves the highest recall, while SUMO obtains the
highest precision. Figure 5.6 shows how this comparison evolves as the matching criterion
becomes stricter.
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Figure 5.6: Event-level F1 as a function of the IoU threshold under the OPA protocol.

5.4.3 Published Protocol

Table 5.16 compares the proposed architecture with the reference methods under their
respective published or reconstructed protocols.
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Table 5.16: Event-level F1 at IoU 0.2 under each reference protocol. Reproduced and
proposed scores are mean + standard deviation across folds.

Protocol Model F1@0.2
SUMO (published) 0.820
SUMO (MODA) SUMO (reproduced) 0.8136 + 0.0060
Proposed 0.8201 + 0.0029
BLAST (published) 0.853 £ 0.056
BLAST (MASS-SS2, EIUE2) BLAST (reproduced)  0.7278 4 0.0506
Proposed 0.6706 £+ 0.1128
SleepGPT E1 (MASS-SS2) SleepGPT (published) 0.717
Proposed 0.5876 + 0.0885
SleepGPT E2 (MASS-SS2) SleepGPT (published) 0.791
Proposed 0.7137 £ 0.0421

The proposed model performs comparably to SUMO under the MODA protocol. Un-
der the reconstructed BLAST protocol, reproduced BLAST outperforms the proposed
architecture. The proposed model also remains below the published SleepGPT scores on
both E1 and E2. The published BLAST score corresponds to training without data aug-
mentation and no standard deviation is available for the published SUMO and SleepGPT
results.

5.4.4 Cross-Dataset Generalization

The following presents the two cross-dataset experiments described in Section 5.4.1.

Effect of the Training Annotation Source

Because E2 and E1UE2 are available only for the fifteen subjects scored by the E2
expert, all four models use the same fifteen-subject split. The OPA model is therefore
retrained for this experiment and selects n = 0.63, rather than the 0.59 obtained on the
full nineteen-subject OPA split.

Table 5.17: Effect of the MASS-SS2 training annotation source on zero-shot transfer to
MODA.

Training labels 7  Precision Recall F1@0.2 F1@0.3 F1@0.5

OPA 0.63 0.6747 0.6328  0.6531 0.6447 0.5837
E2 0.70 0.3217 0.1902  0.2390 0.1456 0.0417
E1 U E2 0.70 0.3038 0.1705  0.2184 0.1123 0.0327

El 0.70 0.3437 0.0561  0.0964 0.0581 0.0233
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OPA provides the strongest zero-shot transfer at every IoU threshold (Figure 5.7). E2
performs slightly better than E1UE2, while E1 yields the lowest performance, primarily
because of its low recall. The substantially stronger transfer from OPA indicates greater
compatibility with the consensus-based MODA annotations.

Lo Annotation source: event-level F1 across loU thesholds

—a— OPA
- E2
—a— ELUE2

—4— El
0.8

Fl-score (by-event)

0.0
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0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 10
Overlap threshold (loU)

Figure 5.7: Event-level F1 as a function of the IoU threshold for models trained with
different MASS-SS2 annotation sources and evaluated zero-shot on MODA.

Effect of the Detection Architecture

Table 5.18 compares the zero-shot transfer performance of the three architectures, each
trained on the same OPA data.

Table 5.18: Effect of the detection architecture on zero-shot OPA-to-MODA transfer.

Architecture n Precision Recall F1@0.2

Proposed 0.59 0.7540 0.6077 0.6730
SUMO 0.68 0.7880 0.6977 0.7401
BLAST 0.56 0.7832 0.6644 0.7190

The cross-dataset ranking differs from the common OPA comparison. SUMO trans-
fers best, followed by BLAST and the proposed model. This reversal shows that stronger
in-domain performance does not necessarily imply better zero-shot generalization. Fig-
ure 5.8 compares the three architectures across IoU thresholds.
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Cross-dataset transfer for different models: event-level F1 across loU thresholds
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Figure 5.8: Event-level F1 as a function of the IoU threshold for the proposed model,
SUMO and BLAST under zero-shot OPA-to-MODA transfer.

5.4.5 Summary

Under the common OPA protocol, the proposed model achieves the highest F1 score, but
this advantage does not generalize to every evaluation setting. It performs comparably
to SUMO under the MODA protocol, remains below BLAST under the reconstructed
BLAST protocol and transfers less effectively than both SUMO and BLAST from OPA
to MODA.

The cross-dataset experiments also reveal a strong dependence on the annotation
source. OPA-trained models transfer substantially better to the consensus-based MODA
annotations than models trained on E1, E2, or their union. These results indicate that
reported detector performance depends not only on architecture but also on annotation

compatibility, motivating the joint consideration of in-domain performance and cross-
dataset robustness.



Chapter 6

Conclusion and Future Work

This thesis investigated the adaptation of a pretrained sleep foundation model for dense
sleep spindle detection. A principal challenge is the discrepancy between the token-level
representation produced by SleepFM and the sample-level resolution required for precise
event localization. The proposed architecture addresses this challenge by utilizing the
pretrained temporal representation as contextual information while preserving localized
spectral information through a task-specific frequency branch.

6.1 Summary of Findings

Experimental results indicate that the pretrained temporal representation alone does not
provide sufficient localization for precise spindle detection. In contrast, the frequency
branch retains the information necessary for accurate event reconstruction. The best
performance is obtained when the frequency representation functions as the primary lo-
calization stream, with the pretrained temporal representation providing complementary
context. These findings suggest that effective adaptation of a sleep foundation model for
dense event detection requires the preservation of local information at a resolution finer
than the token scale.

The final model achieves an event-level F1 score of 0.7950 at an IoU threshold of 0.2
on the held-out OPA test set. Detected events are generally well localized and retain
essential spindle characteristics. Under the common OPA protocol, the proposed ar-
chitecture outperforms both BLAST and SUMO. However, this performance advantage
does not consistently extend to cross-dataset evaluation. SUMO and BLAST exhibit
superior transferability from OPA to MODA, indicating that higher in-domain perfor-
mance does not necessarily correspond to improved generalization.

Cross-dataset experiments further highlight the significance of the annotation source.
Models trained on OPA exhibit substantially greater compatibility with the MODA
consensus reference compared to those trained on public MASS-SS2 annotations.
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6.2 Limitations

The OPA test set comprises 5335 spindle events from only three participants, which
restricts the ability to draw conclusions regarding inter-subject variability. Additionally,
annotations were produced by a single expert scorer, precluding independent adjudica-
tion of residual disagreements.

Most architectural ablations were assessed using single experimental runs, so large
performance differences provide stronger evidence than minor improvements. Cross-
dataset evaluation is further constrained because MODA recordings are derived from the
MASS archive. Consequently, the experiments primarily evaluate changes in population
and annotation protocol rather than transfer across entirely independent acquisition
settings.

6.3 Future Work

A first direction concerns the supervision of the current detector. The OPA and MODA
annotations provide event-specific weights that are not exploited in the present train-
ing procedure. Incorporating these weights into the loss could allow each spindle to
contribute according to the confidence associated with its annotation. This may be par-
ticularly useful for weak or borderline events, for which the residual analysis showed
greater detection difficulty.

A more fundamental direction concerns the foundation model itself. The findings
of this thesis suggest that pretrained representations provide useful contextual informa-
tion for spindle detection, but that precise localization also requires fine temporal and
spectral structure to remain accessible. This motivates a foundation model approach
that preserves such information directly during pretraining rather than a task-specific
model, because the goal is a reusable representation for many downstream tasks, not
only spindle detection. The idea would be to combine the complementary principles of
SleepGPT [6] and SleepMaMi [38]. SleepGPT jointly learns temporal and frequency-
domain representations, while SleepMaMi models sleep at both micro and macro tem-
poral scales. A hierarchical time-frequency foundation model could therefore learn local
temporal and spectral features before progressively integrating them into representa-
tions of longer sleep context. This could provide the fine-grained information required
for dense micro-event detection while retaining the wider organization of sleep.

This framework could later be evaluated on other transient events such as K-complexes.
Validation on independently acquired datasets with consensus annotations would also
provide a stronger assessment of robustness across populations and recording conditions.



Appendix A

Implementation Details of
SleepFM Pretraining

This appendix complements the pretraining procedure introduced in Section 4.3.1. The
main methodology chapter defines the regional views, the leave-one-out objective and
the token-level representation retained by the spindle detector. The following sections
focus on the practical details required to reproduce pretraining, including the corpus
composition, channel harmonization, input construction, encoder configuration and op-
timization. The exact similarity formulation used by the leave-one-out objective and the
edge handling of the downstream token grid are also reported here.

A.1 Pretraining Dataset

The encoder was pretrained using recordings from seven sleep cohorts. Each recording
was stored in a separate HDF5 file, while a shared split file assigned it to either pretrain-
ing or validation. The pretraining partition contained 6633 recordings and an additional
1780 recordings were reserved for validation. Table A.1 summarizes the pretraining
partition.
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Table A.1: Composition of the corpus employed for pretraining.

Cohort Pretraining recordings
Sleep Heart Health Study (SHHS) 3802
Wisconsin Sleep Cohort (WSC) 1094
MrOS Sleep Study (MrOS) 562
Multi-Ethnic Study of Atheroscle- 528
rosis (MESA)

STAGES 304
MNC 234
Cleveland Family Study (CFS) 109
Total 6633

No cohort-specific sampling weights were applied. Each cohort therefore contributed
approximately in proportion to its number of pretraining recordings, while differences in
acquisition protocols and EEG montages were handled through the channel-harmonization
procedure described in Section A.2.

The available metadata identify the recordings assigned to each split but do not
provide their individual durations. The total pretraining duration and the exact number
of complete 5-min sequences could therefore not be determined reliably.

A.2 Channel Harmonization and Regional Assignment

The contributing cohorts use different electrode montages, reference schemes and naming
conventions. A shared channel dictionary maps the available derivation names to the
frontal, central and posterior views introduced in Section 4.3.1. Assignment is based on
the complete derivation name rather than an electrode prefix inferred during loading.

The dictionary contains 136 frontal aliases, 67 central aliases and 21 posterior aliases.
These sets are mutually exclusive and account for the reference conventions encountered
across the pretraining datasets. Table A.2 summarizes the principal electrode families
covered by each regional group.
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Table A.2: Regional EEG groups used during leave-one-out pretraining.

View Principal electrodes Reference conventions Aliases
Frontal F3, FA, F7, F8, Fpl, Fp2, Al/A2, M1/M?2, linked-ear, 136
Fpz, Fz contralateral-ear and aver-

aged references
Central C3,C4, Cz A1/A2, M1/M2, linked-ear, 67

contralateral-ear and aver-
aged references

Posterior 01, 02, Oz, Pz-Oz A1/A2, M1/M2, linked-ear, 21
contralateral-ear and aver-
aged references

The channels available within a regional view may differ across recordings. Rather
than enforcing a fixed montage, the encoder processes the derivations assigned to each
region and combines their embeddings through attention pooling. Recordings with dif-
ferent channel counts can therefore share the same encoder while preserving the regional
structure required by the leave-one-out objective.

A.3 Pretraining Input Construction

The data loader operates on EEG signals stored at a common sampling frequency of
128 Hz. The inspected repository contains the harmonized HDF5 files and the runtime
preprocessing procedure, but not the complete upstream conversion pipeline. The avail-
able implementation therefore does not establish whether amplitude normalization was
applied per channel, recording, or cohort before storage.

During loading, each signal is band-limited through an FFT-domain operation. Fre-
quency bins outside the 0.5-40 Hz interval are set to zero before the signal is recon-
structed through the inverse transform. This operation preserves the phase of the re-
tained coefficients and avoids the delay introduced by causal temporal filtering.

Each recording is divided into non-overlapping 5-min chunks. At 128 Hz, a complete
chunk contains 38400 samples. With the 384-sample tokenization defined in Section 4.3.2,
each chunk yields 100 non-overlapping tokens. No sleep-stage restriction is applied dur-
ing pretraining, so the sequences preserve the natural succession of sleep stages in the
original recordings.
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Table A.3: Construction of the inputs used during pretraining.

Setting

Value

Input format
Sampling frequency
Runtime frequency range

Filtering operation

Chunk duration

Samples per complete chunk
Chunk overlap

Token duration

Samples per token

Tokens per complete chunk

Sleep-stage restriction

One harmonized HDFS5 file per recording
128 Hz
0.5-40 Hz

FFT-domain spectral masking followed by inverse
transformation

5 min
38400
None
3s
384
100

None

A.4 Encoder Configuration

The architecture follows the processing sequence introduced in Section 4.3, while Ta-
ble A.4 reports the additional implementation details. The convolutional tokenizer is
applied independently to each available derivation. Its feature width increases progres-
sively before projection to the embedding dimension E = 128.

Attention pooling first aggregates the channel embeddings available for each temporal
token. Positional information is then introduced before contextualization by a six-layer
Transformer encoder. A second attention-pooling operation summarizes the contextual-
ized sequence into the chunk-level representation used by the pretraining objective. The
ordered sequence before this final pooling operation provides the token representation
retained by the downstream detector.
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Table A.4: Configuration of the encoder used during pretraining.

Component Configuration

Convolutional kernel Size 5, stride 2, padding 2

Convolutional feature widths 1—-4—-8—>16— 32— 64

Tokenizer normalization Batch normalization followed by layer normal-
ization

Embedding dimension E =128

Regional aggregation Attention pooling over the available channel
set

Contextual encoder 6 Transformer encoder layers

Attention heads 8

Transformer normalization Pre-normalization

Transformer dropout 0.3

Pretraining readout Attention pooling over the contextualized to-

ken sequence

Representation reused downstream  Ordered token sequence before temporal pool-
ing

A.5 Implementation of the Leave-One-Out Objective

The leave-one-out objective introduced in Equation 4.11 is applied to the chunk-level
representation obtained after temporal attention pooling, whereas the spindle detector
reuses the token-level output described in Section 4.3.3.

Writing 25,2) for the Lo-normalized embedding of regional group m in the b-th of B
batch segments, the complementary representation is formed by averaging the normal-

ized embeddings of the other two regional groups,
(®) 1 (®)
z . = z Al
0=y 2 (A1)
m/#£m
The positive pair associates one regional view with the complement obtained from the

same EEG chunk, while the remaining chunks in the batch provide the negatives.
The similarity matrix for regional group m is

Sy = ePre <z,(£), z(bl)> (A.2)

—m

where 7. is a learnable log-scale parameter and e is the resulting positive logit scale.
Cross-entropy is applied in both directions of S™,

exp S exp Sy
, o _ P e PP A3
NCE(2m, 2 9B Z [ Eb, exp Sy e >y exp Sy, )
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This symmetric formulation favors the diagonal entries, which pair regional views from
the same EEG chunk, over representations originating from the other chunks in the
batch.

Gradients propagate through the selected representation and its complementary ag-
gregate because no stop-gradient operation is applied. Negatives are restricted to the
current batch, without cross-worker gathering or an external memory bank. The encoder
parameters are shared across all three regional groups.

The learnable parameter 7. is initialized to zero, corresponding to an initial logit
scale e™ =1 and is optimized jointly with the shared encoder.

A.6 Downstream Token-Grid Edge Handling

During pretraining, the 5-min chunks are divided into non-overlapping 384-sample tokens.
During downstream spindle detection, the same pretrained tokenizer is scanned with the
detector stride Siok, as described in Section 4.3.3. When Ty — W is not an exact multiple
of Siok, the regular grid does not cover the final samples of the chunk. A final right-
aligned token is therefore appended at

anN_—-1 = To 4 (A4)
The resulting number of tokens is
Ty — W
{OSJ +1 (To — W) mod Siex = 0,
N — tok (A5)
Ty — W .
—— | +2, otherwise
Stok

The overlap between the last two windows can therefore exceed the regular overlap, but
every sample remains associated with at least one temporal window. The corresponding
start positions are retained and later used to reconstruct token-level information on the
original sample axis.

A.7 Optimization Configuration

The shared encoder and learnable logit scale are optimized jointly through stochastic
gradient descent. The learning rate is halved every 15 epochs, without an initial warm-
up period. The training loop does not apply gradient clipping, gradient accumulation,
or automatic mixed precision.



APPENDIX A. IMPLEMENTATION DETAILS OF SLEEPFM PRETRAINING 75

Table A.5: Optimization configuration used for leave-one-out pretraining.

Setting Value Setting Value
Optimizer Stochastic gradient Batch size 32 chunks
descent
Learning rate 3x1074 Training duration 60 epochs
Momentum 0.9 Learning-rate StepLR with a fac-
scheduler tor of 0.5 every 15
epochs
Weight decay 1x107° Learning-rate None
warm-up
Dropout 0.3 Data-loader 16
workers
Random seed 42 Logit scale Learnable scalar ini-
tialized to O
Gradient clipping None Gradient None

accumulation




Appendix B

Fixed Wavelet Atom Bank

The token-to-sample reconstruction described in Section 4.6.1 uses a fixed bank of K, =
16 wavelet atom types, evaluated at P, = 6 candidate positions within each W = 384-
sample token.

For atom type k € {0,..., K, — 1}, the carrier-cycle parameter is

3k
K,—-1

giving 16 values uniformly distributed from 1 to 4 cycles over the token support. The
corresponding carrier frequency is

c. =1+

(B.1)

Ck;

Tk = ﬁf s (B.2)
with fgs = 128 Hz. The resulting frequencies range from approximately 0.334 to 1.337 Hz,
corresponding to temporal periods from approximately 3.0 to 0.75 s. These frequencies
do not represent the sigma oscillation itself. Instead, they define event-scale temporal
variations within the 3-s token, over a range comparable to typical spindle durations.

The Gaussian temporal widths are logarithmically spaced between

W w
Omin = E = 24, Omax = ﬁ =153.6 (B3)

samples, with each pair (fx, o) defining one atom type.
The P, = 6 candidate centers are placed at

pm € {0.20, 0.32, 0.44, 0.56, 0.68, 0.80}, tm, = pm(W — 1) (B.4)
This corresponds to approximately

{76.60, 122.56, 168.52, 214.48, 260.44, 306.40}

samples, or
{0.598, 0.957, 1.317, 1.676, 2.035, 2.394} s
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relative to the beginning of the token.

Each atom follows the Gaussian-modulated oscillatory formulation introduced in
Section 2.2.3, centered at ., with carrier frequency fr and temporal width . The
waveform is evaluated directly over the finite token support without padding or integer
translation.

Each atom is standardized along the temporal dimension to have zero mean and
unit variance. The complete bank is then normalized at each temporal position by the
root-mean-square amplitude across all atom types and candidate positions. This bank-
wise normalization is applied twice, with temporal standardization repeated after each
iteration.

The resulting bank satisfies

\I] c R16X6X384 (B5)

corresponding to 16 atom types, 6 candidate positions and 384 token-local samples. The
bank therefore contains 96 localized waveforms and receives no gradients during training.
Only the atom coefficients and candidate-position probabilities predicted from each fused
token are learned.



Appendix C

Decoding Procedure

This appendix describes the process for converting dense predictions into event intervals,
as summarized in Section 5.1.4. The procedure utilizes only the mask probability and
boundary offsets. Samples satisfying ¢; > 1 constitute the candidate intervals. Candi-
dates separated by less than gmerge seconds are merged to restore events fragmented by
transient probability drops prior to extent estimation. The boundaries of each candidate
are then refined. The refinement process incorporates every sample within a candidate
interval. Each sample proposes an onset and offset based on its predicted distances,

St :t*Aén, (&3 :t+Agﬂ (C].)
The onset and offset proposals are aggregated using a weighted median, with each pro-
posal weighted by the mask probability of its corresponding sample,

ton = median,, {s}, tog = median,, {e;}, wy = Gy (C.2)

A median is employed instead of a mean because a single sample with an erroneous
predicted distance disproportionately affects the mean, while it alters the median by
only one rank. The refined boundaries are rounded to the nearest sample and may
extend beyond the original candidate interval. Consequently, events with progressively
decaying amplitude may be assigned an extent larger than the region exceeding the
threshold.
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Appendix D

Additional Experimental Analyses

This appendix reports implementation details, sensitivity analyses and complementary
diagnostic results supporting the experiments of Chapter 5.

D.1 Frequency-Branch Input Variants

The encoder-input ablation of Section 5.2.2 evaluates three families of modifications to
the Morlet scalogram.

The first family applies squeeze-and-excitation recalibration [49]. The retained frequency-
wise variant (f-SE) predicts one weight per frequency, as described in Section 4.4.3. The
finer time-frequency variant (TF-SE) instead predicts a separate weight for each fre-
quency and frame.

The second family injects handcrafted spindle descriptors inspired by the signal char-
acteristics used by the A7 detector of Lacourse et al. [22]. Each patch is represented
by

v = [log Ey, €rel, T'o]

where log E, is the log-energy in the sigma band, e, measures sigma energy relative
to its spectral context and 7, is the Pearson correlation between the raw signal and
its sigma-filtered counterpart. The descriptor is supplied either through a projected
physiology token or by direct concatenation with the learned representation.

The third family appends two fixed feature maps to the input patch [61]. A nor-
malized frequency ramp encodes the absolute position of each frequency bin, while a
Gaussian profile centered on the sigma range provides an explicit spindle spectral prior.

D.2 Frequency-Branch Parameter Sensitivity

The architectural ablations in Section 5.2.2 are complemented by a sensitivity analysis
of the main numerical hyperparameters of the retained frequency branch.

The frame stride Hg. in Equation 4.19 governs the temporal sampling density of
the transform. The number of oscillation cycles n. sets the trade-off between temporal
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and frequency resolution of the Morlet kernels. Encoder depth is assessed by appending
a fourth convolutional layer to the three-stage hierarchy defined in Equation 4.26. Fi-
nally, the number of temporal segments T in Equation 4.27 determines the intra-token
resolution of the structured readout.
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Figure D.1: Parameter sensitivity of the frequency branch. Filled markers denote the
retained value and the dashed line marks its position.

The retained stride Hg. = 8 always outperforms Hg. = 16, confirming the benefit of
the denser temporal sampling used by the final model. Three oscillation cycles provide
the best overall trade-off, although n. = 4 reaches an almost identical result at IoU 0.5.
Adding a fourth convolutional layer does not improve performance. For the structured
readout, Ty = 12 gives the highest F1 scores at IoU 0.2 and 0.5, while Ts = 8 is higher
by only 0.0002 at IoU 0.3. Increased resolution beyond 12 segments provides no benefit.
Each panel varies smoothly around its retained value and none of the curves exhibits a
sharp optimum, indicating that the branch is not finely tuned to a particular setting.

D.3 Temporal Receptive-Field Sensitivity

The temporal-refiner comparison of Section 5.2.5 changes both the refinement mechanism
and the organization of temporal context. A separate experiment therefore modifies only
the dilation schedule of the TCN. The retained schedule produces a receptive field of
1.51 seconds, while the alternatives extend it to 3.01 and 4.04 seconds.
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Table D.1: Effect of the temporal receptive field.

F1 at IoU Receptive field

1.51s 3.01ls 4.04 s
0.2 0.7950 0.7964 0.7938
0.3 0.7918 0.7921 0.7900
0.5 0.7589 0.7571 0.7548

The 3.01-second configuration slightly improves F1@0.2 and F;@0.3, but reduces
F1@0.5. Extending the receptive field to 4.04 seconds further decreases performance
across all thresholds. Since the decoder is primarily responsible for precise boundary
reconstruction, the stricter IoU 0.5 criterion is given greater importance. The 1.51-second
receptive field is therefore retained because it provides the best localization accuracy.

D.4 10U Distribution of Matched Events

Figure D.2 shows the IoU distribution for event pairs matched at IoU 0.2. The median
overlap is 0.78, with an interquartile range of 0.69-0.86. Among these pairs, 95% exceed
an IoU of 0.5, while 72% exceed 0.7.

loU distribution of pairs matched at loU = 0.2
300

— median 0.782
IQR 0.689-0.858

250

200

150 o

matched events

100 -
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0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 10
loU of matched pair

Figure D.2: Distribution of IoU values for event pairs matched at IoU 0.2.

D.5 Additional Diagnostic Statistics

Table D.2 reports complementary localization, physiological, event-structure, confidence
and sample-level statistics on the OPA test set.
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Table D.2: Additional diagnostic statistics on the OPA test set.
Analysis Statistic Value
Localization Mean absolute duration error 206 ms
Duration correlation r=20.71

Physiological consistency

Density mean absolute error

0.60 events/min

Density correlation r=20.91
Median peak sigma frequency, reference 13.2Hz
Median peak sigma frequency, predicted 13.3Hz
Event structure Fragmented reference events 0.5%
Merged predicted events 0.6%
Subject-level F1 range 0.75-0.83
Detection confidence Median unmatched-event score 0.98
Sample-level evaluation ROC AUC 0.980
False-positive rate at 90% sensitivity 0.051




Appendix E

Baseline Hyperparameter
Optimization

To ensure a fair common-protocol comparison on the OPA annotations, the training
hyperparameters of BLAST and SUMO were optimized separately with Optuna using
the OPA training and validation sets. Their architectures remained unchanged. The
retained hyperparameters are reported below.

Table E.1: Retained hyperparameters for BLAST.

Hyperparameter Retained value
Learning rate 4.4606 x 1073
OneCycle warm-up fraction 0.3591
Initial LR divisor 5.9473
Final LR divisor 139.9267
Weight decay 2.2424 x 10~*
Maximum momentum 0.9695
Positive-class weight 1.7239
Batch size 32
Early-stopping patience 10

Table E.2: Retained hyperparameters for SUMO.

Hyperparameter Retained value
Learning rate 1.0290 x 1073
Weight decay 9.9765 x 10~
Dice smoothing 2.9142 x 10~6
Batch size 24

Dice class weighting True
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Appendix F

Dataset Splits

This appendix details the subject membership for each dataset split referenced in Chap-
ter 5. The experimental design utilizes two subject universes: the OPA re-annotation
encompasses all nineteen MASS-SS2 subjects, while the comparison with public expert
annotations (E1, E2) is limited to the fifteen subjects evaluated by both experts, since
E2 and E1UE2 are undefined for the remaining four subjects (0004, 0008, 0015, 0016).
The proposed architecture is trained separately with OPA annotations on the two sub-
ject sets, selecting n = 0.63 for the fifteen-subject annotation-source split and n = 0.59
for the full nineteen-subject OPA split. Altering the annotation source among E1, 2
and their union does not affect the partition. MASS-SS2 subject identifiers share the
prefix 01-02-. Therefore, tables report only the four-digit suffix. The SUMO dataset
spans five MODA cohorts (01-01 to 01-05).

F.1 OPA Common-Protocol Split

Table F.1: OPA common-protocol split (19 subjects), used for the common-protocol
comparison and the temporal-encoder ablation.

Partition Subjects (01-02-)

Train (13) 0001, 0004, 0005, 0006, 0010, 0012, 0013, 0014, 0015, 0016, 0017, 0018, 0019
Validation (3) 0008, 0009, 0011

Test (3) 0002, 0003, 0007

F.2 SUMO Folds

The fixed test set (36 subjects, identical across all six folds) is 01-01-{0004, 0023, 0028,
0029, 0043, 0044, 0046, 0048, 0049}; 01-02-{0006, 0010}; 01-03-{0003, 0004, 0012,
0014, 0023, 0026, 0027, 0031, 0033, 0040, 0051, 0059, 0060, 0062, 0064}; 01-04-{0007,
0008, 0013, 0015, 0016, 0029}; 01-05-{0002, 0018, 0020, 0024}. Each fold trains on the
120 subjects formed by the 144 non-test subjects minus its validation set.
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Table F.2: Rotating 24-subject validation folds for the SUMO comparison.

Fold Validation (24)

00 01-01-{0003, 0008, 0021, 0024, 0026, 0031, 0035}; 01-02-{0011, 0013}; 01-03-{0005, 0007, 0020,
0044, 0046, 0053, 0054, 0058}; 01-04-{0011, 0012, 0030, 0038}; 01-05-{0008, 0014, 0023}

01 01-01-{0005, 0014, 0017, 0019, 0025, 0040, 0050}; 01-02-{0002, 0012}; 01-03-{0011, 0019, 0025
0035, 0041, 0050, 0063}; 01-04-{0002, 0019, 0021, 0023, 0036}; 01-05-{0003, 0017, 0025}

02 01-01-{0012, 0013, 0016, 0018, 0042, 0047, 0051}; 01-02-{0001, 0017}; 01-03-{0017, 0021, 0028,
0037, 0042, 0048, 0057}; 01-04-{0018, 0020, 0022, 0035, 0037}; 01-05-{0001, 0005, 0019}

03 01-01-{0007, 0011, 0022, 0030, 0037, 0041}; 01-02-{0004, 0019}; 01-03-{0002, 0008, 0015, 0018,
0022, 0030, 0056, 0061}; 01-04-{0003, 0005, 0017, 0033, 0034}; 01-05-{0006, 0016, 0022}

04  01-01-{0006, 0010, 0020, 0032, 0038, 0052}; 01-02-{0005, 0015}; 01-03-{0006, 0016, 0029, 0032
0034, 0038, 0047, 0052}; 01-04-{0009, 0014, 0025, 0028}; 01-05-{0007, 0009, 0010, 0013}

05  01-01-{0001, 0002, 0027, 0033, 0036, 0053}; 01-02-{0003, 0014}; 01-03-{0001, 0009, 0010, 0013,
0024, 0036, 0039, 0045}; 01-04-{0006, 0026, 0031, 0040}; 01-05-{0004, 0011, 0012, 0015}

F.3 BLAST Leave-One-Subject-Out Folds

Folds 08 and 09 share the validation pair (0006, 0010) and differ only in the test subject,
following the stratified fold construction.

Table F.3: Leave-one-subject-out folds for the BLAST reconstruction (12/2/1). Training
sets are the complement of the listed subjects within the fifteen-subject pool.

Fold Test Validation

00 0001 0005, 0014
01 0002 0001, 0003
02 0003 0002, 0017
03 0005 0009, 0014
04 0006 0005, 0018
05 0007 0013, 0018
06 0009 0001, 0003
07 0010 0007, 0012
08 0011 0006, 0010
09 0012 0006, 0010
10 0013 0009, 0019
11 0014 0011, 0013
12 0017 0002, 0012
13 0018 0007, 0019
14 0019 0011, 0017
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F.4 SleepGPT Folds

Table F.4: Five-fold splits for the SleepGPT reconstruction (faithful protocol, validation
= test, so selection is performed on the test fold).

Fold Test = Validation Train (12)

00 0001, 0013, 0019 0002, 0003, 0005, 0006, 0007, 0009, 0010, 0011, 0012, 0014, 0017,

01 0007, 0009, 0018 88(1)61;, 0002, 0003, 0005, 0006, 0010, 0011, 0012, 0013, 0014, 0017,

02 0005, 0010, 0011 88(1)?, 0002, 0003, 0006, 0007, 0009, 0012, 0013, 0014, 0017, 0018,

03 0002, 0006, 0014 88(1)?, 0003, 0005, 0007, 0009, 0010, 0011, 0012, 0013, 0017, 0018,

04 0003, 0012, 0017 88(1)?, 0002, 0005, 0006, 0007, 0009, 0010, 0011, 0013, 0014, 0018,
0019

F.5 Annotation-Source Split

Table F.5: Annotation-source split (15 both-expert subjects), used for the OPA, E1, E2
and E1UE2 comparison.

Partition Subjects (01-02-)

Train (10) 0001, 0002, 0003, 0005, 0007, 0009, 0014, 0017, 0018, 0019
Validation (3) 0006, 0010, 0013
Test (2) 0011, 0012
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