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ARTICLE INFO ABSTRACT

MSC: Sleep is fundamental to health, and society is more and more aware of the impact and relevance of sleep
41A05 disorders. Traditional diagnostic methods, like polysomnography, are intrusive and resource-intensive. Instead,
41A10

research is focusing on developing novel, less intrusive or portable methods that combine intelligent sensors
with activity recognition for diagnosis support and scoring. Event cameras offer a promising alternative for
automated, in-home sleep activity recognition due to their excellent low-light performance and low power
Keywords: consumption. This work introduces EventSleep2-data, a significant extension to the EventSleep dataset,
Event cameras . featuring 10 complete night recordings (around 7 h each) of volunteers sleeping in their homes. Unlike the
Sleep activity recognition . . X . . .
Low-light conditions orlg}n:.il short. ‘and cor{trolled recgrdmgs, this new datfiset captures natural, f.‘ulll-mght slee.p.sessmns under
Bayesian deep learning realistic conditions. This new data incorporates challenging real-world scene variations, an efficient movement-
triggered sparse data recording pipeline, and synchronized 2-channel EEG data for a subset of recordings.
We also present EventSleep2-net, a novel event-based sleep activity recognition approach with a dual-head
architecture to simultaneously analyze motion classes and static poses. The model is specifically designed
to handle the motion-triggered, sparse nature of complete night recordings. Unlike the original EventSleep
architecture, EventSleep2-net can predict both movement and static poses even during long periods with
no events. We demonstrate state-of-the-art performance on both EventSleepl-data, the original dataset, and
EventSleep2-data, with comprehensive ablation studies validating our design decisions. Together, EventSleep2-
data and EventSleep2-net overcome the limitations of the previous setup and enable continuous, full-night
analysis for real-world sleep monitoring, significantly advancing the potential of event-based vision for sleep
disorder studies. Code and data are publicly available on the webpage: https://sites.google.com/unizar.es/

65D05
65D17

eventsleep.
1. Introduction and smart watches, to compute sleep phases and events. This type of
applications provide results which are far from the accuracy that can
Sleep accounts for about a third of human lives and plays a key be obtained in medical studies using more complex setups, in particular
role in maintaining our physical and mental health. Cases of sleep those including EEG data (Lee et al., 2023). Our work scope is not
disorder are quite pervasive, with up to 50% of the adult population commodity gadgets, but systems that can bring medical studies to the

claiming to suffer from some problem (Vanderlinden et al., 2020) and
approximately 34% among children and teenagers (Cai et al., 2024).

Given the broad impact on the population and increasing awareness
of related disorders, sleep is increasingly being studied through diverse
sensor technologies.

There are multiple phone applications and commodity gadgets that
offer sleep analysis. These applications use sensors such as micro-
phones, IMUs, and pulse oxymeters, which are common in phones

patients’ homes.

One crucial goal in this direction is to ease the assessment and
monitoring of sleep conditions in more natural and comfortable set-
tings (Moyen et al., 2024) compared to traditional, lab-based polysom-
nography (PSG). This is particularly beneficial for long-term monitoring
of chronic pathologies that often produce sleep disturbances. From
wearables, such as the headband from Loépez-Larraz et al. (2023), to
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Fig. 1. Overview of EventSleep2 — The new EventSleep2-data contains 10 complete night recordings or people sleeping in their homes, and 10 activity labels
including motion and pose classes. The new EventSleep2-net, with specific heads for Motion and Static classes, updates EventSleepl-net approach to enable

processing the complete night recordings.

contactless systems, such as camera-based approaches from Akbarian
et al. (2021), Plou et al. (2024), these technologies are providing
researchers with new insights into sleep activity.

While sleeping, we perform all kinds of movements such as kicks,
rolls, etc. Certain abnormal movements are symptoms of sleep disorders
such as restless legs syndrome, insomnia, or sleep apnea, and can
help identify them in a monitored patient. However, the traditional
diagnosis of sleep pathologies is based on polysomnography, which
relies on experts to manually determine and classify the presence of
disorders (Hassan and Subasi, 2017; Huang et al., 2014). To alleviate
these costly manual processes, we study the suitability of event-based
sensors for the automated detection and recognition of subjects’ move-
ments during their sleep. Event-based cameras can complement the
information that other sensors provide (e.g., EEG, ECG, Sp02...), whose
performance can be affected by movement during sleep. Moreover,
event cameras excel where traditional RGB cameras would pose a
hindrance. Specifically, (1) they work well in pitch-dark environments,
(2) provide a very dense temporal resolution, (3) better maintain the
privacy of the subject compared to RGB or infrared cameras, and (4)
require less power, as they are only triggered by the sparse, intermittent
movements of the subject.

In order to facilitate the development of applications for real scenar-
ios, this work extends our pioneering EventSleep dataset (Plou et al.,
2024) (hereafter referred to as EventSleepl-data and EventSleepl-net
for clarity). Unlike the previous version, which was conceived as a
proof of concept based on short, controlled recordings, the present
work focuses on realistic long-term monitoring under more natural
conditions. EventSleepl-data featured short laboratory sessions where
volunteers enacted isolated sleep movements, limiting the realism and
continuity of the recordings. In contrast, EventSleep2-data extends it
with 10 complete night sleep recordings of a few volunteers while
sleeping at night at their homes, bringing not only much more data,
but also the following additions.

First, it provides challenging scene variations that better approx-
imate real settings, with data from people sleeping during complete
nights. Consequently, it has been collected with a more efficient setup.
In order to enable long-duration recordings of up to 8 h while keeping
storage and processing requirements manageable, the data collection
pipeline has been updated. Instead of raw data collection, the system
now filters out background noise and stores only the segments where
subject movement occurs. This motion-triggered acquisition preserves
all relevant motion information while discarding prolonged inactive
periods, allowing realistic, full-night recordings that were not feasible
with the original setup.

Besides, EventSleep2-data includes synchronized EEG measurements
from a 2-channel neuroheadband for a set of the recorded nights, to
encourage further research on the application of multimodal computer
vision for sleep disorder study.

Moreover, building on the described new recording strategy,
EventSleep2 also introduces a novel event-based recognition approach

(EventSleep2-net), specifically designed to handle the challenges of
complete night real data recordings. Unlike EventSleepl-net, which was
trained on continuous recordings where static poses were treated as an
additional activity class, EventSleep2-net is specifically adapted to the
new motion-triggered recording procedure, in which only movement
clips contain events while static clips remain empty. This adaptation en-
ables the model to handle full-night recordings, generating predictions
throughout the night, including during empty static segments where
it propagates the last detected pose. EventSleep2-net incorporates a
dual-head architecture that specializes each output for motion classes,
i.e., subject movements, and static classes, i.e., subject poses. The
motion head is responsible for classifying the six action classes defined
in the original dataset, while the static head determines whether to
update the subject’s static pose. This more natural division enables
the system to implicitly distinguish between action and static pose
labels, maintaining a consistent estimation of the subject’s position
throughout the night even during inactivity segments where no event
data is recorded.

We evaluate our method on both EventSleepl-data and EventSleep2-
data, achieving state-of-the-art results on the complete night sleep
sequences. A detailed ablation study further validates several design
choices made in our new training and inference pipeline, confirming
their contribution to the overall performance of the presented method.

Overall, the key contributions in this work are:

» EventSleep2-data, an extension of the EventSleepl-data dataset
that includes 10 sleep recordings of around 7 h each, with a
set of synchronized EEG data taken from a neuroheadband. It
replaces the controlled short recordings of the previous dataset
with natural, long-term recordings enabled by a new motion-
triggered acquisition pipeline. This provides unique new data for
the sleep research community, in particular for the promising
event-camera-based application in this field.

A discussion of the EEG-event data correlation, emphasizing the
correspondence between detected movement and peaks in the
EEG signal. These examples provide a stepping stone for future
research bridging both modalities.

EventSleep2-net, a new sleep activity recognition approach based
on event camera data. It is built on the EventSleepl-net, but has
been redesigned to adapt to the new motion-triggered recordings,
which contain long static periods without events. EventSleep2-
net advantages are demonstrated with superior performance than
previous work on both EventSleepl-data and EventSleep2-data.

2. Related work
2.1. Sleep activity recognition

Sleep activity recognition has been studied with different sensory
inputs. Most of the related literature relies on wearable sensors (Yadav
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Table 1
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EventSleep2-data compared to related event-based activity recognition datasets, including activity type, modality, resolution, number of classes and

subjects, illumination/occlusion conditions, and recording duration.

Dataset Activity Modality Resolution Classes  Subj. Dark Occ. Clips Time/Clip  Total time
n-HAR, (Pradhan et al., 2019) General Events 304 x 240 5 30 No No 3091 N/A N/A
DailyAction, (Liu et al., 2021) General Events 128 x 128 12 15 No No 1440 N/A N/A
DVS128 Gesture, (Amir et al., 2017) General Events+RGB 128 x 128 11 29 No No 1342 6s 8,052s
THUFACT50, (Gao et al., 2023) General Events+RGB 1280 x 800 50 105 No No 10,500 3.5s 36,750s
THURACT.50-CHL, (Gao et al., 2023) General Events+RGB 346 x 260 50 18 * No 2330 3.5s 8,155s
THUMV-EACT 50, (Gao et al., 2024) General Events Multiview 1280 x 800 50 105 No No 31,500 - -
DailyDVS-200, (Wang et al., 2024b) General Events+RGB 320 x 240 200 47 No No 22,046 1-20s -
SeAct, (Zhou et al., 2024) General Events+Language 346 x 260 58 - No No - N/A N/A
Bullying10K, (Dong et al., 2023) General Events 346 x 260 10 25 No No 10,000 2-20s -
HARDVS, (Wang et al., 2024a) General Events 346 x 260 300 - * 100,000 5s -

PAF, (Miao et al., 2019) Office Events 346 x 260 10 15 No No 450 5s 2,250s
ASL-DVS, (Bi et al., 2020) Sign Language Events 240 x 180 24 5 No No 100,800 0.1s 10,800s
SL-Animals-DVS, (Vasudevan et al., 2021)  Sign Language Events 128 x 128 19 59 No No 1121 4.26s 4,775s
EventSleepl-data (Plou et al., 2024) Sleep (Simulated) Events+IR 640 x 480 10 14 Yes Yes 1016 5.07s 5,151s
EventSleep2-data Sleep (Real) Events+EEG 640 x 480 10 3 Yes Yes 10+ 7h 70h

*THUFACT.50-CHL includes some poorly illuminated clips, but not in low light or dark scenarios as EventSleep.

HARDVS includes some multi-illumination and occlusion examples.
Complete and continuous night recordings, while the others contain short clips.

et al., 2021; Zhang et al.,, 2019) or environmental sensors such as
sound (Kay et al., 2012), radio (Liu et al., 2019; Piriyajitakonkij et al.,
2021), or light sensors. The majority of datasets that use wearable
sensors are based on polysomnograms, which are the standard for sleep
quality measurements. However, the process of gathering physiological
signals during a polysomnogram, such as an electroencephalogram
(EEG), electrocardiogram (ECG), or electromyogram (EMG), requires
subjects to be monitored by a fully equipped unit with technicians.
There are several public datasets using this kind of setup (Kemp et al.,
2000; Terzano et al., 2001; Khalighi et al., 2016), and some works
explore bridging other modalities, like sound, with wearable devices
like ear-plugged microphones (Han et al., 2024). Although prior work
regarding external sensors is limited, despite their interest for unimodal
or multimodal activity recognition (Yadav et al., 2021; Sathyanarayana
et al., 2018) when complemented with other wearable sensors. When it
comes to non-invasive sensors, video data is the principal data modal-
ity used. Sleep monitoring, in particular among other image analysis
problems, presents the challenge of low illumination (Nakajima et al.,
2000). The common approach to overcome this is the use of near-
infrared (Mohammadi et al., 2020; Akbarian et al., 2021; Carter et al.,
2024) and depth cameras (Carmona et al., 2023). Initially, Mohammadi
et al. (2020) employed a single infrared (IR) camera to capture 11 sleep
behaviors in 12 participants concurrently with PSG. Additionally, the
BlanketSet dataset comprises RGB-IR-D recordings of 8 sleep actions
by 14 subjects in a hospital bed (Carmona et al., 2023). Both datasets
involve non-clinical healthy participants to enable data sharing and
robust labeling, as in our case. Nevertheless, some studies include
subjects suffering from sleep conditions, like Akbarian et al. (2021),
where they perform sleep apnea classification over IR recordings. Other
works propose alternative devices to cameras, such as pressure sensors
on the bed, which provide a heat map of the subject’s body (Matar et al.,
2019), radar sensors above the bed that detect position changes (Piriya-
jitakonkij et al., 2021), or radio emitters and receivers to the sides of
the bed that detect signal changes when the subject show abnormal
breathing patterns like snoring or coughing (Liu et al., 2019). Differ-
ently from all these works, our dataset primary sensor is an event
camera.

2.2. Event-based methods for activity recognition

Event cameras record visual information sparsely and asynchro-
nously, generating an event whenever a change in pixel intensity
occurs. Each event encodes its spatial location, timestamp, and polarity,
resulting in an efficient stream of motion-dependent data rather than
continuous frames. Event-based approaches for activity recognition

often rely on deep learning, and can be mostly divided into two
categories depending on how they process events. On the one hand,
some specific architecture designs, like PointNet-like Networks (Wang
et al., 2019; Sun et al., 2025), Graph Neural Networks (Bi et al., 2020;
Deng et al., 2021), or Spiking Neural Networks (Shrestha and Orchard,
2018; Parameshwara et al., 2021; Vicente-Sola et al., 2025), benefit
from the sparsity of event data. PointNet-like networks work with point
clouds, which are common representations for sparse data. Similarly,
Graph Neural Networks represent events as graph nodes, and neighbor
events (in space and time) are connected by edges. Finally, Spiking
Neural Networks work through special artificial neurons that mimic the
behavior of natural neurons, firing sparse impulses or ‘spikes’, when
their potential reaches certain thresholds, and encode information in
the timing of these spikes. On the other hand, some methods prepro-
cess events into dense event representations, or frame representations.
Examples of such preprocessing include time surfaces (Lagorce et al.,
2016), surfaces of Active Events (Mueggler et al., 2015), binary frame
representations (Ghosh et al., 2019; Innocenti et al., 2021), voxel-based
representations (Liu et al., 2022), histograms (Sabater et al., 2022),
queuing mechanisms (Baldwin et al., 2022) or learned models (Cannici
et al.,, 2020). Among the most common, dense frame representations
are usually processed with deep learning models such as CNNs (Amir
et al., 2017; Cannici et al., 2020; Innocenti et al., 2021; Baldwin et al.,
2022) or Transformers (Sabater et al., 2023; Peng et al., 2023). Some
methods combine several frames for analysis instead of using them one
by one. Typically, results for a set of frames are obtained by aggregating
the intermediate results of each frame with RNNs (Innocenti et al.,
2021; Weng et al., 2021), CNNs (Amir et al., 2017; Innocenti et al.,
2021), or attention-based methods (Sabater et al., 2023; Zhang et al.,
2022; Wang et al., 2022). Differently, a recent approach introduces a
novel event representation, Group Token, to train an event-based ViT
backbone called Group Event Transformer (GET) (Peng et al., 2023). In
our pipeline, we build dense event representations with FIFO queues,
similar to Sabater et al. (2023), and we explore the aggregation of
several dense frame predictions during inference.

Table 1 positions the new data released in this work, EventSleep2-
data, with respect to a summary of relevant public benchmarks for
action recognition using event camera data. Most of them target gen-
eral daily actions, while ASL-DVS (Bi et al., 2020) and SL-Animals-
DVS (Vasudevan et al., 2021) are specialized for sign language gesture
recognition. EventSleep is the only one focused on action recognition
in dark environments in the context of medical assistance applications.
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2.3. Sleep activity recognition with event cameras

The first exploration of sleep activity recognition using event cam-
eras, in the context of health studies, was introduced in EventSleep (Plou
et al.,, 2024). That work served as a proof-of-concept to assess the
potential of this setup for supporting medical studies on sleep disorders.
EventSleep proposed a benchmark dataset containing short, simulated
sleep movements recorded under near-darkness conditions with an
event camera and an infrared reference camera. Participants performed
ten predefined actions, including six movement types and four static
postures, designed to mimic behaviors relevant to sleep disorder analy-
sis. The recordings were captured from a top-down view under different
illumination and covering configurations, providing a controlled yet
challenging environment with high noise and subtle motion cues.

To address these challenges, the EventSleep baseline employed
event frame representations based on EvT+ (Sabater et al., 2023) and
evaluated different backbones, with a ResNet-18 (He et al., 2016)
trained on two-channel event frames yielding the best performance
(hereafter EventSleepl-net). Bayesian calibration strategies, including
Laplace ensembles (Eschenhagen et al., 2021), were further incorpo-
rated to improve prediction reliability in medical contexts. Although
this work demonstrated the feasibility of event-based sleep monitor-
ing, it was limited to short, pre-segmented recordings under con-
trolled recording conditions. The present work extends this frame-
work toward full-night, real-world monitoring through a new dataset
(EventSleep2-data) and updated recognition model (EventSleep2-net).

3. EventSleep2-data

The original EventSleep dataset (EventSleepl-data) was limited to
short, controlled recordings where subjects simulated isolated move-
ments under laboratory conditions. While this setting allowed the
initial exploration of event-based sensing for sleep activity recognition,
it lacked the variability, continuity, and scale required for realistic
applications. EventSleep2-data extends this benchmark, providing re-
searchers with a novel and unique resource for sleep activity recog-
nition and analysis. It introduces complete-night recordings collected
in natural home environments, captured through a motion-triggered
acquisition pipeline that stores only relevant motion clips while dis-
carding inactive periods. This design makes efficiently recording full
nights (7-8 h) possible, and facilitates studies of real-world sleep
behavior at scale. Additionally, several nights include synchronized
EEG measurements, enabling multimodal investigations that link visual
motion cues with physiological sleep signals.

Setup and scene configuration. The event camera data recorded in this
dataset was obtained through a DVXplorer camera with 640px by
480px resolution. The camera was attached to a metallic support next
to an infrared spotlight, which provides visibility to the camera without
perturbing the subjects’ sleep, allowing us to set the sensitivity to high
instead of very high. The metallic support is put on top of a tripod facing
down at a -60° angle, which is set to a 2 m height above the floor
as shown in Fig. 2. The camera and spotlight are connected to a lap-
top placed outside the bedroom through USB extenders. Additionally,
nights that include EEG also use a 2-channel neuroheadband Lépez-
Larraz et al. (2023) that is connected to an independent tablet-like
device wirelessly (See Fig. 3). All nights were recorded in personal
bedrooms arranged freely by the subjects, with no layout restrictions
other than the tripod placement, which must to the left side of the
bed and placed at a far enough distance so that the bed is entirely
within the field of view of the camera. Bed sizes range from 1.05 to
1.40 m wide and 1.90 to 2.00 m long, and bedclothes vary from duvets
to light blankets. Lastly, all nights were recorded in as much darkness
as possible.
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Fig. 2. EventSleep2-data recording scenario. The event camera and in-
frared spotlight are shown in the front view. The back view shows the camera’s
inclination (60 degrees).

Recording procedure. The setup described above is mounted in the
bedroom of each subject during different nights. Unlike previous works
(Mohammadi et al., 2020; Carmona et al., 2023), the people portrayed
in our recordings are not patients nor part of a clinical trial. The
recordings were taken and released with their full knowledge and
permission. However, unlike in EventSleepl-data where subjects were
acting, subjects are actually sleeping during full-night sessions in their
homes. This fundamental difference required a completely new record-
ing procedure. While EventSleepl-data continuously captured events
throughout short (3-4 min) sessions—producing large amounts of noisy,
low-information data during static periods—EventSleep2-data employs
a motion-triggered acquisition pipeline that records only when move-
ment occurs. This strategy drastically reduces storage requirements
and enables realistic 7-8 h overnight recordings without compromising
relevant motion information.

This triggering mechanism filters event packages recorded at 1 ms
resolution, based on the number of events they contain. Specifically,
we pre-computed a threshold set at the 95th percentile of the number
of events observed in all event packages captured during a 10-second
baseline recording of the scene without motion. To reduce the influence
of spurious event peaks, the number of events per package is averaged
over a 0.2-second sliding window. Thus, an event package is stored,
both raw and filtered, whenever this average exceeds the threshold. The
threshold is recalculated hourly to account for possible illumination
changes. The first event package of each night is always recorded for
synchronization purposes, whether it exceeds the average or not. The
duration of the event recording is set to a maximum of 7 h, though the
subjects are allowed to finish earlier if they wish.

Additionally, we incorporate a lightweight neuroheadband to com-
plement the event recordings with synchronized brain activity signals.
The neuroheadband is a specialized wearable electroencephalography
(EEG) device designed for unobtrusive and reliable monitoring of brain
activity during sleep, particularly suited for research in real-world
settings and clinical studies. This system prioritizes user comfort and
ease of use (Gallego et al., 2024), facilitating long-term sleep data
collection outside of traditional laboratory environments. The head-
band key features include its textile-based headband design, which is
intended to enhance subject comfort during overnight recordings. This
device uses pre-gelled snap-on sensors to acquire signals. These sensors
are strategically positioned on the front of the scalp to capture the
relevant EEG activity necessary for sleep analysis.

Challenges. The presented dataset poses several interesting challenges
for related research. (1) Events are not recorded while the subject is
still, so how do we predict the static labels (e.g., lie up)? (2) Actions
are real, not enacted, meaning several actions can happen at the same
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Fig. 3. EEG wearable device. To the left, the headband is placed between
the amplifier (top) and the sensors. The tablet device (right) is used to record
the data.

time, or an action outside the pre-defined labels may occur. Is zero-shot
action recognition necessary? (3) Ideally, the sleep activity analysis
should be performed online to allow for interventions during sleep
to help with the subject’s pathologies. This brings an extra challenge
due to the computational requirements to run the recognition tasks
online.

Labels. The labels correspond to 10 classes, which are the same as
those included in the EventSleep-1 dataset. Six of them are motion ac-
tivities: (0) HeadMove, (1) Hands2Face, (2) RollLeft, (3) RollRight, (4)
LegsShake, (5) ArmsShake, and the remaining four are static activities:
(6) LieLeft, (7) LieRight, (8) LieUp, and (9) LieDown (See Fig. 4). The
selection of these activities is motivated by the combination of simple
but significant information needed by the experts analyzing the data to
diagnose common sleep disorders. The four static activities (classes 6
to 9) correspond to the standard sleep poses used in medical analysis
(left, right, supine, and prone, respectively). Classes 2 and 3 enhance
the standard ones by providing information about transitions among
them. Classes 4 and 5 may help diagnose periodic limb movement of
sleep disorder (PLMS) with no additional sensors such as EMG or IMU
attached to the limbs. Finally, classes 0 and 1 are helpful to decode
and preprocess the brain signal, as they indicate potential sources of
artifacts in the EEG signal caused by head movements or by the user
touching the sensor. Motion activity labels were manually annotated by
reviewing event reconstructions and marking the start and end frames
of each action, following the original dataset’s guidelines. Static pose
labels were then added by identifying the event reconstruction frames
(typically during a ‘RollLeft’ or ‘RollRight’ motion label) where the
subject transitioned to a new position.

These frame-level annotations were then mapped to the time do-
main, allowing their use for EEG-based action recognition, as both
modalities are temporally aligned. Static labels are extended across
time segments without event frames, covering periods of inactivity.
Thus, time segments containing events—triggered by the subject’s
activity—include both motion and static pose labels, whereas segments
without events contain only a static pose label.

Content and accessibility. EventSleep2-data comprises 10 full-night rec-
ordings, totaling approximately 70 h of sleep monitoring from three
different subjects. Six of these recordings include synchronized EEG
data. All data and metadata will be made publicly available upon
acceptance via Synapse, as a new set of data within the current
EventSleepdatarepository.
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EEG discussion. A total of six out of ten nights include EEG signal
captured with the neuroheadband setup. The dataset extension includes
nights with and without the headband device to avoid biases in move-
ment (e.g., scratching or relocating the band). The headband captures
a two-channel signal through electrode patches placed on the sides of
the subjects’ foreheads, just above the eyebrows. The signal metadata
includes UTC annotations for synchronization with the event pipeline.

Although the approach presented in this paper does not use the
captured signal for action recognition, we make it available for future
works to use. We believe the correlation between movement and EEG
can be helpful for research in both fields. Example applications range
from tasks typically performed over EEG, such as sleep stage prediction,
which could benefit from action recognition to match each sleep stage
with plausible movements, to enriching further activity recognition
approaches with EEG data.

We provide a preliminary qualitative study on how EEG and event
data correlate through several examples extracted from our recordings.
After observing an aligned display of the number of events and the EEG
signal, as portrayed in Fig. 5, it is noticeable that peaks in events often
correspond with high amplitude regions of the EEG. This particular
finding may help identify movement-related signals, or avoid error
cases, product from hardware inaccuracies caused by movement.

4. EventSleep2-net

The original EventSleepl-net was designed to process continuous
recordings in which both motion and static periods contained event
activity. However, this design is not compatible with the motion-
triggered format of EventSleep2-data, where static clips contain no
events. To address this limitation, the proposed EventSleep2-net intro-
duces a new architecture specifically adapted to the recording strategy
of EventSleep2-data, enabling accurate prediction of both motion and
static poses throughout complete-night sequences.

4.1. Events representation

As in our previous work (Plou et al., 2024), we adopt the EvT+
(Sabater et al., 2023) dense frame-based representation, where asyn-
chronous events are aggregated into fixed-rate frames. In other words,
we build frames F € RT*X"*2 at frame rate 4t. Each pixel stores the
timestamp of the most recent event that took place in that region within
a temporal window of length T),, normalized to the range [0, 1]. Pixels
without recent events are set to NaN.

This formulation is identical to EventSleepl-net and ensures com-
parability across datasets. The only addition here is the distinction
between the clip-based and full-sequence data formats illustrated in
Fig. 6. In the clip-based setting, events are processed independently
per action, while in the full-sequence setting, temporal windows are
continuous, allowing overlap between actions and better reflecting
realistic acquisition.

4.2. Base architecture

The proposed EventSleep2-net architecture, illustrated in Fig. 1,
builds upon the EventSleepl-net design (Plou et al., 2024) but intro-
duces a new dual-head configuration specifically adapted to motion-
triggered recordings. The base model uses a shared feature extrac-
tion backbone (Encoder) coupled with specialized classification heads
(Motion Head and Static Head) to effectively process event data for
human activity and posture recognition. This design choice is motivated
by the hypothesis that both dynamic movements and static postures
occur at the same time. Despite their distinct nature, they exhibit
shared spatial features that can be efficiently learned by a common
network trunk.
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Fig. 4. Examples of EventSleep2-data event frame annotations. Unlike the original EventSleepl-data, where each event frame had a single label, EventSleep2-
data assigns two labels per frame: a motion label (shown on the upper-left side of the frame) and a static pose label (on the lower-right side). Static labels are
extended across time segments without event frames, covering periods of inactivity.
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Fig. 5. Synchronized EEG and event data. Plot for the event count (top, green) and the two-channel EEG (mid and bottom, red and black) over time for
a sample from the EventSleep2-data training set. The event count plot shows peaks when movement is detected and zero otherwise. The EEG plot shows the
measured brainwave amplitude. Notice how detected movements (in shaded background) are often coincidental with peaks in at least one of the recorded channels.
Movements last a few seconds, while the waits between them can last for hours. X axis is broken for visualization. (For interpretation of the references to color
in this figure legend, the reader is referred to the web version of this article.)
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4.2.1. Encoder

The encoder is identical to the one used in EventSleepl-net and
is based on a ResNet-18 (He et al,, 2016) backbone pretrained on
ImageNet (Deng et al., 2009) and fine-tuned on event frame repre-
sentations. This backbone efficiently extracts spatial features from the
two-channel event frames described in Section 4.1.

4.2.2. Specialized classification heads

The main novelty of EventSleep2-net lies in its dual-head prediction
scheme. The feature vector produced by the encoder is duplicated and
fed to two separate classification heads. This design is intended to
address the objective of concurrently predicting both the movement
and the static pose of the subject. This dual-head design is motivated
by the need to predict both aspects concurrently from the same in-
put features. The Motion Classification Head is optimized to recognize
patterns indicative of movement, while the Static Classification Head
focuses on patterns defining static poses. By separating these tasks,
each head can optimize its final layers to better interpret the shared
features specifically for either dynamic patterns (actions) or static
configurations (positions), potentially improving the accuracy of both
predictions.

Motion classification head. This head has been developed for the spe-
cific purpose of classifying activities that are distinguished by substan-
tial body movement. The feature vector is received from the shared
backbone, and it is processed through a sequence of fully connected
layers. The purpose of these dedicated layers is to learn the specific
mappings from the shared spatial features to the high-level concepts of
dynamic actions.

Static classification head. This head focuses on identifying static pos-
tures. Similar to the movement head, it also takes the identical feature
vector from the shared backbone as input and employs fully connected
layers. By having a separate head, the model can specialize in discern-
ing the spatial patterns present in the event data during periods of
relative stillness, which might be obscured or processed differently if
combined directly with high-motion classes.

4.3. Training: two-step training on event data

Our encoder is initialized with ImageNet (Deng et al., 2009) pre-
trained weights, which provide generic spatial representations. Then,
the training strategy of EventSleep2-net follows a progressive adapta-
tion pipeline to bridge the domain gap between standard visual features
and motion-triggered event data.

Step 1: Base training on EventSleepl-data. As a first step, we train the
EventSleep2-net using only EventSleepl-data, where continuous se-
quences are employed instead of the short pre-segmented clips used in
the original setup. Static clips are replaced with empty event windows
to simulate the motion-triggered format of EventSleep2-data. This step
prepares the model to handle full-sequence recordings in which static
periods contain no event information.

Step 2: Fine-tuning on EventSleep2-data. To finalize the training, a sec-
ond fine-tuning phase is performed using the validation sequences
of EventSleep2-data to adapt the model to the real-world recordings
acquired in home environments. This step compensates for differences
between the controlled laboratory data of EventSleepl and the more
natural conditions of EventSleep2, which exhibit lower event density
and higher variability. Three sequences are used for fine-tuning and
one unseen sequence for validation.

The network parameters are optimized by minimizing a composite
loss function £ that combines the motion and static classification losses:

L=aL, +pL,, €]
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where £,, and £, denote the cross-entropy losses for motion and static
classes, respectively. The weighting coefficients « = 0.6 and f = 04
reflect the proportion of motion and static labels within the dataset.
Training is conducted for 50 epochs using the Adam optimizer with a
learning rate of 1 x 10™* and a batch size of 32. The model achieving
the highest validation accuracy is selected for final evaluation.

4.4. Inference

During inference, the network processes continuous event streams
frame by frame. The Motion Head produces per-frame action probabil-
ities, while the Static Head predicts the most likely posture. When no
events are detected—i.e., during inactive periods—the last predicted
static pose is propagated until new motion is detected. This propagation
mechanism allows the model to maintain consistent pose predictions
throughout full-night recordings, even in the absence of event activity,
effectively bridging the gaps between motion-triggered clips.

4.5. Bayesian deep learning: Laplace ensembles module

Following our previous work (Plou et al., 2024), we also incorporate
Bayesian Deep Learning methods to improve prediction calibration and
reliability. Specifically, we use Laplace Ensembles (Eschenhagen et al.,
2021), which combine deep ensembles (Lakshminarayanan et al., 2017)
with Laplace approximations (Daxberger et al., 2021) applied to the
last layer of the network. This configuration, identical to that used in
EventSleepl-net, enables well-calibrated probabilistic predictions and
provides robustness to noisy event data.

5. Experiments

The following experiments evaluate the proposed EventSleep2-net
approach for sleep activity recognition on bothEventSleepl-data and
EventSleep2-data, and illustrate the open challenges of this application.
For clarity, EventSleepl-net and EventSleep2-net will be referred to as
EvS1-net and EvS2-net.

5.1. Experimental setup

Baselines. We compare our current work with Random guess as
baseline, GET (Peng et al., 2023) as the state-of-the-art for event
activity recognition and ResNet-E (Plou et al., 2024), renamed in this
work as EvSl-net for clarity, as the current state-of-the-art for sleep
activity recognition with event cameras.

Pre-processing. Our pre-processing of the event data captured
involves constructing event frames. Our event frames are constructed
every Ar = 0.15s with T, = 0.512s, to capture enough temporal
information to classify the action. We also reduce the resolution by a
half, obtaining frames of grid resolution 320 x 240.

Training process. The model was trained using the two-step pro-
cess detailed in Section 4.3 and optimized with the standard cross-
entropy loss. For Laplace-Ensembles (LE) we use 5 ensembles and we
fit Laplace approximation to the last layer of both heads.

Step 1: Training on EventSleepl-data. We use the original train-
ing and validation sets for training and to adjust hyper-parameters,
respectively. In order to train the two heads, we extend the labels of
EventSleepl-data assigning to each action the corresponding static posi-
tion. We ignore the event data from static clips. Training was conducted
for 25 epochs. Adam optimizer was employed with a learning rate of
le — 4, and a batch size of 32.

Step 2: Fine-tuning on EventSleep2-data validation samples. It was
conducted for 50 epochs using the Adam optimizer with a learning rate
of 1 x 10~* and a batch size of 32. The loss weights (Eq. (1)) were set
to @ = 0.6 and p = 0.4, reflecting the proportion of motion and static
samples in the dataset. The checkpoint achieving the highest validation
accuracy was selected for evaluation.

Metrics. We evaluate classification performance with the Accuracy,
defined as the percentage of samples for which the top predicted class
matches the ground truth label.
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Fig. 7. Illustration of evaluation strategy per frame (a) and per clip (b), as explained in Section 5.3. This example, corresponding to the Motion head output,
shows for each frame: ground truth (GT) label; predicted label (Pred. Label); prediction confidence (Conf.) level.

5.2. Results on EventSleep2-data

EventSleep2-data extends the original EventSleepl-data with more
challenging and realistic recordings of people sleeping during the whole
night (See Section 3). An important difference in these new data
recordings is that the system only stores data during clear subject
movements, and it stops recording completely when the movement is
finished, i.e., when the recording system sees such a low amount (or
none) events and interprets that there is no subject activity anymore.

Thus, static clips contain no event data. Consequently, GET and
EvSl-net architectures are fundamentally incapable of providing pre-
dictions for static clips in EventSleep2-data. As single-output classifiers,
these methods cannot propagate static pose predictions from motion
clips; for any given motion frame or clip, they will predict a motion
label rather than a static one.

Table 2 shows the results on EventSleep2-data. We provide two
ways of evaluating the predictions: per frame, i.e., assign and evaluate
separately a label for each frame, and per clip, i.e., assign a label to a
group (clip) of frames that are known to form a single action (See Fig.
7).

To ensure a fair comparison with SOTA, we will evaluate our EvS2-
net using two different configurations. The first, designated EvS2-net
(base), represents the most comparable setup to SOTA, specifically by
omitting three key components: the Step 2 fine-tuning (Section 4.3),
and the Laplace Ensembles module. Our full, optimal configuration,
which includes all these modules, is referred to simply as EvS2-net. The
results show a clear advantage of the new presented method to process
continuous, real-world recording data.

5.3. Results on original EventSleepl-data

To provide a comprehensive performance context, especially since
most baselines are not fully evaluable on the new EventSleep2-data, we
extend our comparison to the original EventSleepl-data. Specifically,
we focus on comparing the current state-of-the-art (SOTA) on this
benchmark, EvS1-net, against our EvS2-net (base).

Clip data format experiment. Originally, EventSleepl-data was only
evaluated with Clip data format. This configuration takes the event
data split in independent Clips, that contain a single action each,
and constructs the event frames on each Clip independently. Table 3
first compares the performance of our approach with respect to the
current SOTA in the test split of EventSleepl-data. Maintaining the
exact configuration and set up of the original work, we obtain similar
performance for the Motion labels.

It is important to note that EvS2-net is not able to make predictions
for static classes when using the clip-based formatting, where clips are
processed isolated. It can only predict static classes when handling full
sequences, by predicting the static pose corresponding to the action
clip, i.e., the end pose after the motion, and propagating this pose
through the following static segment without events. Hence the 'N/A’
in Table 3.

Full-sequence data format experiment. The previous experiment puts our
current work in context with the original EventSleepl-data. However,
our current goal is to handle continuous, real-world recordings. To-
wards this goal, we run a second experiment, summarized in second
half of Table 3, using the full sequences of the EventSleepl-data test
set. As previously mentioned, EvS2-net is specifically designed to op-
erate on realistic full sequences recorded with the motion-triggered
procedure. When working with full sequences it is able to use the
motion-triggered procedure to distinguish motion from static clips,
ignoring all the information from the static clips, predict the static pose
at the end of each motion clip, and propagate this pose during the
following inactive segments. This leads to a clear improvement on static
clips and makes it more suitable for real-world scenarios.

6. Configuration studies

6.1. Ablation study: from EvS2-net to EvS2-net (base)

Table 4 presents an ablation study of our EvS2-net architecture con-
ducted on the EventSleep2-data. This analysis summarizes the impact
of the core modules, Fine-Tuning step (FT) and the Laplace Ensembles
(LE), on the final prediction accuracy and computational time.

The ablation study confirms the impact of each major architectural
element. Fine-tuning (FT) provides an essential base improvement by
adapting the model to real-world data, while the subsequent incorpo-
ration of the Laplace Ensembles (LE) module significantly enhances
prediction overall accuracy. Including LE brings an expected x5 in-
crease on the inference time and memory requirements (note LE uses
5 ensembles). Note this is still sufficiently fast for the application
requirements (as discussed in Section 6.3) and the approach confidence
calibration is significantly improved, as illustrated in the following
experiment.



N. Gallego, C. Plou, M. Marcos et al.

Table 2

Computer Vision and Image Understanding 264 (2026) 104619

Results on EventSleep2-data test set. Accuracy for related baselines and our EvS2-net with its best and base
configuration (trained on similar conditions than the baselines). Event frames are always computed on complete
sequences (Full Sequence data format), as described in Section 4.1. Accuracy is reported Per Frame (individual
frame predictions) and Per Clip (aggregated predictions over the clip). Note that only EvS2-net can be fine-tuned
with EventSleep2-data, since it is the only approach suited to handle the empty static-class clips. Best value in

Accuracy - Per GT Clip

bold.
Accuracy - Per Frame
Motion Static
Labels Labels

Motion Static
Labels Labels AVG

Methods trained on EventSleepl-data without fine-tuning on EventSleep2-data

Random guess 0.17 0.25
GET (Peng et al., 2023) 0.24 N/A
EvSl-net (Plou et al., 0.31 N/A
2024)

EvS2-net (base) 0.35 0.33

0.17 0.25 0.20
0.23 N/A -
0.35 N/A -
0.38 0.33 0.36

Methods trained on EventSleepl-data with fine-tuning on EventSleep2-data

EvS2-net (ours) 0.46 0.43

0.50 0.51 0.50

N/A: Not evaluable with this method.

Table 3

Results on EventSleepl-data test set: EvS1-net vs EvS2-net (base). We build
the event frames on manually separated clips (Clip) as reported in the previous
work by Plou et al. (2024), or on complete sequences (Full Sequence), as
described in Section 4.1. Accuracy is reported Per Frame (individual frame
predictions) and Per Clip (aggregated predictions over the clip). Best value in
bold.

Accuracy - Per Frame Accuracy - Per GT Clip

Motion Static Motion Static
Labels Labels AVG Labels Labels  AVG

Clip input data format

EvS1-net 0.77 0.49 0.66 0.97 0.61 0.82
EvS2-net (base) 0.79 N/A - 0.95 N/A -

Full Sequence input data format

EvS1-net 0.77 0.52 0.67 0.97 0.62 0.83
EvS2-net (base) 0.78 0.57 0.69 0.99 0.92 0.96

N/A: Not evaluable with this method.

Table 4
EvS2-net ablation study: From the base configuration to our final con-
figuration (last row). We report inference time (Inf. T.), parameters required
(Num. Params.) and accuracy on the test samples of the EventSleep2-data. We
analyze the impact of our modules fine-tuning (FT) and Laplace Ensembles
(LE).
EvS2-net

Accuracy - Per Frame  Accuracy - Per GT Clip

Num. Inf. T. Motion Static Motion Static
Params. (ms) Labels Labels AVG Labels Labels AVG

Base 11.7M 0.46 0.35 0.33 0.34 0.38 0.33 0.36
Base + FT 11.7M 0.46 0.36 0.38 0.37 045 0.44 0.44
Base + FT + LE 58.7M 2.55 0.46 0.43 0.45 0.50 0.51 0.50

Config.

6.2. Confidence calibration

Confidence calibration is the measure of correlation between a
model’s predicted confidence and its actual accuracy. This correlation is
crucial for safety-critical applications, such as medical diagnosis, where
accurately interpreting the model’s certainty is essential.

To assess the calibration of our predictions, we employ set of metrics
based on the histogram of Reliability Diagrams as proposed in DeG-
root and Fienberg (1983). These histograms illustrate the discrepancy
between predicted confidence and observed accuracy across a set of
bins. We divide the prediction outputs into M = 10 bins based on their
confidence scores. For each bin, we compute the average confidence
C,, and accuracy A,,. Based on these statistics, we compute two metrics
commonly used in the literature (Neumann et al., 2018): the Average

Table 5
EvS2-net ablation study: Effect of Laplace Ensembles module on the
confidence calibration. We report calibration metrics (MCE, ACE) on the
validation samples of the EventSleep2-data, separately for Motion and Static
labels.

EvS2-net Config.

Motion calibration metrics Static calibration metrics

MCE | ACE | MCE | ACE |
Base 0.55 0.28 0.66 0.31
Base + FT 0.52 0.31 0.55 0.27
Base + FT + LE (ours) 0.27 0.14 0.41 0.13
Calibration Error (ACE) defined as follows,
M+
1
ACE=m2|cm—Am|, )
m=1
and the Maximum Calibration Error (MCE),
MCE = max |C,, — A,,], 3
m

where Mt is the number of bins containing samples.

Table 5 summarizes the calibration results. These metrics clearly
highlight the impact of the Laplace Ensembles module, demonstrating
its effectiveness not only in improving raw accuracy (Section 6.1) but
also in significantly enhancing confidence calibration.

6.3. Complete pipeline discussion

The presented ablation study in this section has systematically
evaluated the contributions of distinct components incorporated to our
base EvS2-net approach. The results clearly show that applying the
fine-tuning procedure and Laplace ensembles together yields the most
substantial improvement in accuracy and calibration metrics (See Ta-
bles 4 and 5). Among other alternative studied, we include in Appendix
B an experiment that incorporates a sliding window to smooth the
predictions with recent previous event frames processed. The results
obtained suggest that the robustness in the predictions obtained thanks
to the LE module are sufficient and the sliding window does not add
benefit to the overall approach. As discussed next, the performance
obtained is promising for applicability in real scenarios, although it
presents several intrinsic limitations to be tackled in future work.

The performance on the different approaches in our new EvS2-
data benchmark is affected by certain common limitations. First,
while there is room for improvement in overall accuracy, the current
evaluation suffers from noise introduced by the difficulty of annotating
each activity occurrence very accurately. Second, real-world recordings
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Fig. 8. Confusion matrices for motion labels and static labels using EvS2-net-base (a-b) and using EvS2-net (c-d) in EventSleep2-data. The model visually
leans towards the ‘RollLeft’ and ‘LieUp’ classes, while ignoring ‘Arms’ and ‘LieDown’, likely due to class imbalance. Real night recordings are limited and not

directed, so class coverage cannot be controlled.

frequently contain clips that combine multiple simultaneous move-
ments (e.g., arm and leg motion during a roll), which complicates the
assignment of a single activity label. Third, static labels are affected by
class imbalance. These factors, as revealed in the confusion matrices
(Fig. 8) and qualitative results (Fig. 9), contribute to misclassifications.
For future work, the current single-class prediction design could be
expanded into a multi-class architecture where the network can predict
simultaneous activity labels to better account for complex, compound
movements. Additionally, extending the dataset with a significantly
larger volume of real-world recordings remains a highly relevant next
step toward applicability in real scenarios.

Regarding applicability in real-world settings, we observe a good
performance of the proposed approach for the envisioned scenario
(automated reports that can provide useful information to experts
shortly after the sleep period has finished). Our pipeline allows us
to process the event-camera data as it arrives. Our implementation
constructs a frame every 0.15s (on average, matching our selected Ar).
Construction time scales linearly (O(n)) with the number of events in
the time window. Combined with the short inference times and the
motion-triggered capture system, we can store and process event frames
either in parallel or during inactivity periods.

Overall, EventSleep2 offers a significant advancement over prior
work, primarily by enabling the processing of full-night, real-world
recordings. Our EvS2-net is uniquely designed to handle the motion-
triggered nature of the new full-night recordings.

7. Conclusion

This work highlights the potential of event-based vision as an
effective and low-intrusion solution for in-home sleep activity recog-
nition. The introduction of EventSleep2-data—a substantial extension
of the original dataset with full-night recordings under real-world
conditions—marks a significant step towards practical applications of
this technology. The inclusion of synchronized EEG for selected ses-
sions adds further depth and relevance to the dataset, enabling future
exploration of multimodal correlations.

We also proposed EventSleep2-net a novel dual-head recognition
architecture capable of jointly classifying motion events and static
sleep poses. This approach proves more robust than previous base-
lines when handling the inherent sparsity of overnight data. Unlike
the original EventSleep framework, which was limited to short, con-
trolled sequences, this new version enables continuous overnight anal-
ysis based on a motion-triggered acquisition and an adapted inference
strategy. Our experiments on both EventSleepl-data and EventSleep2-
data demonstrate state-of-the-art performance, supported by detailed
ablation studies that validate our design choices. Overall, this work
consolidates a complete and scalable framework—from data collection
to model design—capable of supporting real-world, long-term sleep
monitoring scenarios. Together, the dataset and proposed framework
advance the role of event-based cameras as a key computer vision

10

technology to assist in the sleep research domain, and pave the way for
more scalable, non-invasive sleep monitoring solutions. Future work in-
cludes the design of a robust computing platform for clinical validation
of EventSleep2-net.
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Appendix A. Additional dataset details

Participants and Ethical considerations. The participants present
in the dataset extension are three adults with no sleep-related medical
conditions. All participants are in their mid twenties and include one
female and two males. All three participants were volunteers and gave
their consent signing a written form, which included instructions, an
explanation of the experiment and authorization to publicly release the
recordings following the General Data Protection Regulation (GDPR),
one of the most restrictive regulations in this matter.
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Fig. 9. Qualitative results of EvS2-net using EventSleep2-data. The upper row shows actions that the model classifies correctly, while the lower row shows
examples of misclassifications. Static labels correspond to the state after the portrayed frame. Actions performed during sleep can be confusing due to subtle or
ambiguous movements. People also tend to perform multiple actions at once, such as moving their arms and legs while rolling (see bottom-left and middle).
Static labels are mostly confused due to class imbalance, often predicting ‘LieUp’.

Table B.6

EvS2-net ablation study: effect of window size (Size) and sliding stride (Stride). Results are
the average accuracy in all validation sequences from EventSleep2-data.

Size/Stride 1 2 3 4 5 6 7 8 9 10 11 12 13 14

1 0.84 N/A N/A N/A N/A N/A N/A N/A N/A N/A N/A N/A N/A N/A
2 0.83 083 N/A N/A N/A N/A N/A N/A N/A N/A N/A N/A N/A N/A
3 0.81 082 082 N/A N/A N/A N/A N/A N/A N/A N/A N/A N/A N/A
4 0.80 0.82 0.82 081 N/A N/A N/A N/A N/A N/A N/A N/A N/A N/A
5 0.78 0.80 0.82 082 0.81 N/A N/A N/A N/A N/A N/A N/A N/A N/A
6 0.77 0.79 0.80 0.81 0.81 081 N/A N/A N/A N/A N/A N/A N/A N/A
7 0.76 0.77 0.78 0.80 0.81 0.80 0.80 N/A N/A N/A N/A N/A N/A N/A
8 0.75 0.77 0.78 0.79 0.80 0.80 0.80 0.79 N/A N/A N/A N/A N/A N/A
9 0.73 0.75 0.77 0.78 0.78 0.79 0.79 0.79 0.78 N/A N/A N/A N/A N/A
10 0.72 0.74 0.76 0.77 0.77 0.79 0.78 0.79 0.78 0.78 N/A N/A N/A N/A
11 0.71 0.73 0.74 0.75 0.77 0.78 0.78 0.78 0.79 0.79 0.77 N/A N/A N/A
12 0.70 0.72 0.73 0.74 0.75 0.77 0.77 0.79 0.78 0.78 0.77 0.76 N/A N/A
13 0.68 0.70 0.72 0.73 0.74 0.76 0.77 0.78 0.78 0.78 0.77 0.76 0.76 N/A
14 0.68 0.69 0.71 0.73 0.74 0.74 0.76 0.78 0.77 0.78 0.78 0.75 0.77 0.74
15 0.67 0.67 0.69 0.71 0.72 0.72 0.75 0.76 0.76 0.77 0.78 0.74 0.76 0.75

Hardware used. The recording setup included a laptop equipped
with a Intel Core™ i7-6700HQ CPU with 8 cores and a NVIDIA GeForce
GTX 970M GPU. Model training and testing, and the sliding-window
study presented in Appendix B, were conducted using a AMD® Ryzen
9 9950x processor with 16 cores, and NVIDIA GeForce RTX 4090 GPU.
Reported times for event frame construction were obtained in a 12th
Gen Intel® Core™ i7-12700K CPU.

Appendix B. Additional experiments: Sliding window

In this appendix, we present an additional experiment conducted to
assess the impact of a sliding window (SW) mechanism on temporal
smoothing and classification stability in the EventSleep2-net frame-
work.

The sliding window module was designed to enhance the temporal
coherence of label predictions by leveraging contextual information
across consecutive frames. Instead of assigning independent predictions
to each frame, the model assigns a single representative label to all
frames within a defined window, based on the aggregated prediction
confidence.

11

Given an input sequence S = {f|, f5. ..., fn }, where f, is the frame
at timestep # and N is the total number of frames. We define a sliding
window of a fixed length W frames. This window moves across the
sequence with a stride of S, frames. Thus, the ith window, encompasses
the set frames { fy, fi11,---» fxaw—1}> where k = (i—1)S,+1. The label is
assigned by taking the maximum value from the summation of softmax
applied to the predictions for each frame within the window.

B.1. Experimental setup

We tested sliding-window sizes up to 15 frames and strides up
to 14 frames. Results on the EvS2-data validation set are reported
in Table B.6. The chosen values span the practical temporal scales
present in our recordings: the average clip lengths per motion label
(in frames) are 11.5, 19.27, 33.67, 33.70, 12.08 and 17.22 for motion
labels respectively (std. devs 12.09, 12.63, 20.43, 19.62, 10.53 and
16.16). With the frame generation frequency used in our pipeline (4r =
0.15s), these averages correspond approximately to 1.73s, 2.89s, 5.05s,
5.06s, 1.81s and 2.58s respectively. These chosen window sizes (up to 15
frames ~ 2.25 s) meaningfully cover the shorter actions while avoiding
including entire multi-action segments.
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Table B.7

EvS2-net ablation study: comparison of our final configuration without
(top) and with (bottom) a sliding window. We report accuracy on the test
samples of EventSleep2-data. We analyze the impact of a sliding window (SW)
on top of fine-tuning (FT) and Laplace Ensembles (LE).

EvS2-net Accuracy - Per Frame Accuracy - Per GT Clip
X Motion Static Motion  Static
Config.
Labels Labels AVG Labels  Labels AVG
Base + FT + LE + SW  0.46 0.44 0.45 0.47 0.50 0.48
Base + FT + LE (ours) 0.46 0.43 0.45 0.50 0.51 0.50

B.2. Results and discussion

Table B.6 summarizes the average accuracy for different window
and stride configurations across validation sequences. The results show
that using a sliding window results in slightly lower classification accu-
racy than per-frame predictions, with larger windows leading to poorer
performance. These results suggest that the model is robust enough and
that the smoothing added by the sliding window is unnecessary.

To further assess the impact of this module, Table B.7 compares the
performance of the model with and without the sliding window mech-
anism on the test set. This shows that the sliding window mechanism is
not helpful in any of the evaluation modes (per frame or per GT clip).
However, these results serve as a reference for future work exploring
smarter strategies for long-duration, event-based recordings.
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