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Abstract—Joint visual attention (JVA) provides informative
cues on human behavior during social interactions. The ubiquity
of egocentric eye-trackers and large-scale datasets on everyday
interactions offer research opportunities in identifying JVA in
multi-user environments. We propose a novel approach utilizing
spatiotemporal tubes centered on attention rendered by individ-
ual gaze and detect JVA using deep-learning-based feature map-
ping. Our results reveal object-focused collaborative tasks to yield
higher JVA (44-46%), whereas independent tasks yield lower (4-
5%) attention. Beyond JVA, we analyze attention characteristics
using ambient-focal attention coefficient K to understand the
qualitative aspects of shared attention. Our analysis reveals K
to converge instances where participants interact with shared
objects while diverging when independent. While our study
presents seminal findings on joint attention with egocentric
commodity eye trackers, it indicates the potential utility of our
approach in psychology, human-computer interaction, and social
robotics, particularly in understanding attention coordination
mechanisms in ecologically valid contexts.

Index Terms—Joint visual attention, Egocentric data, Eye-
tracking

I. INTRODUCTION

The ability to understand where and how individuals direct
their visual attention during social interactions provides details
about the underlying cognitive processes, social cues, and
coordination strategies that shape mutual understanding [1].
Observing moments of Joint Visual Attention (JVA) during
different social interactions between two or more individuals
is a well-established method in developmental psychology [2],
[3]. JVA is used in language acquisition research with children
and in the early detection of autism [4]. Beyond psychology,
JVA is widely used in various domains, including human-
computer interaction [5], [6], education, neuroscience [7], and
social robotics [8]. Traditional methods relied on qualitative
approaches (e.g., gaze following [9], pointing) to analyze
JVA. However, with advances in eye-tracking technology in
conjunction with wearable eye-tracking, it has become easier
for researchers to collect accurate gaze data, making the study
of JVA more efficient and objective [10], [11].

Wearable eye-tracking technology has emerged as a pow-
erful tool to capture egocentric visual behavior in real-world
environments [12]–[15]. These devices provide a mobile and
unobtrusive means of collecting multi-modal data from the
wearer’s point of view. Although much research on JVA has
been conducted in controlled laboratory settings, only a few
studies have focused on naturalistic, dynamic environments

with more inherited constraints when studying the visual
attention of multiple individuals.

In this work, we present an analysis of JVA using egocentric
video data and gaze data collected using wearable eye-tracking
glasses. By leveraging the mobility and naturalistic recording
capabilities of the devices, we aim to explore how JVA can
be detected and interpreted in real-world social interactions.
Our research contributes to ongoing efforts to bridge the gap
between controlled experimental designs and the complexity
of real-world behavior. We used the advance gaze metric
ambient-focal attention coefficient K [16]–[18] to observe the
attention patterns of the participants. Data were obtained from
the publicly available Aria everyday activities dataset [19]
released by Meta as part of their larger vision for developing
Augmented Reality (AR) and Artificial Intelligence (AI) tech-
nologies. This dataset was collected using Project Aria glasses
[20] during various daily activities such as cooking, watching
television, making coffee, and engaging in conversations.

II. RELATED WORK

JVA has been studied across multiple disciplines with vary-
ing approaches and objectives. This section reviews relevant
literature that informs our approach to analyzing joint visual
attention in everyday activities using egocentric data.

Traditionally, JVA has been a central concept in develop-
mental psychology, where it has been extensively used to
understand typical development patterns and identify develop-
mental conditions like autism spectrum disorder [2], [4], [21].
These studies relied mainly on qualitative observational meth-
ods [22], [23] to assess when and how individuals coordinate
their attention to the same object or event. While qualitative
approaches provided valuable insights into the social aspects
of attention, they lacked precision in measuring the exact
properties of visual attention.

Advancements in eye-tracking technology have enabled
researchers to measure JVA with higher precision. Schneider et
al. [1] proposed quantifying JVA in collaborative environments
based on gaze overlapping. However, this simplified approach
tends to reduce the complex nature of joint attention to a binary
measurement (overlap or no overlap), overlooking the rich
temporal and qualitative characteristics of shared attention.
Our work aims to provide details beyond gaze overlap metrics
to develop a more sophisticated approach to observing and
understanding JVA.



Several studies have explored the identification of JVA using
egocentric data from wearable cameras or eye trackers [24]–
[26]. However, these studies have focused only on identifying
instances of JVA but analyzing the attention behaviors of
multiple participants simultaneously. Our research extends pre-
vious work by not only identifying moments of joint attention
but also analyzing patterns and quantifying the percentage of
JVA in everyday activities involving two participants.

Object detection has emerged as a promising approach for
identifying JVA in egocentric settings [24], [27], particularly in
controlled environments with limited sets of objects. However,
this approach faces significant challenges when applied to
everyday activities where participants interact with numerous
diverse objects that may not be easily recognizable by standard
object detection algorithms. Moreover, our primary goal is not
to develop new methods for identifying JVA but rather to
employ established methods of identification while focusing
on deeper analysis of attention patterns.

Researchers have attempted to localize attention by ana-
lyzing the angle of direction from multiple video sources
[28], [29]. While this approach provides valuable spatial
information, it often lacks the precision offered by eye-
tracking data. Eye tracking provides more accurate information
about the exact focus of attention [16], which is particularly
important when analyzing fine-grained attentional behaviors
in everyday activities where the objects of interest may be in
close proximity to one another.

Our method builds upon the idea of work by Kera et al.
[26] where they create a spatiotemporal tube by extracting
regions of interest around the gaze position from egocentric
video frames and calculating similarity between the defined
tubes to identify instances of JVA. However, we extend this
approach by incorporating advanced gaze measures to analyze
the identified instances of JVA. This additional analytical step
allows us to move beyond simple identification to understand
the patterns of joint attention in everyday activities captured
through egocentric recordings. By addressing these research
gaps, our work contributes to a more comprehensive under-
standing of JVA in naturalistic settings, with implications
for both theoretical models of social attention and practical
applications in fields such as education,

III. METHODOLOGY

A. Dataset

For this study, we utilized the publicly available Aria
Everyday Activities dataset [19], which provides egocentric
recordings of participants engaged in common daily activities.
This dataset contains time-synchronized video data captured
from a first-person perspective as individuals perform routine
tasks such as cooking, making coffee, watching television,
etc. In addition to video, the dataset provides multi-modal
sensor data recorded using Project Aria glasses [20], including
per-frame 3D eye gaze directional vectors. The dataset is
particularly valuable for our research as it includes dual-
participant recordings where two individuals interact in the
same environment while both wearing Project Aria glasses.

This synchronized dual-perspective video data along with gaze
data allows us to examine JVA as it naturally occurs between
pairs of participants during routine interactions. In this study,
we used the dual-participant recordings from the dataset to
analyze how individuals coordinated their visual attention
across various everyday tasks, enabling the investigation of
JVA patterns in real-world settings.

The Aria Everyday Activities dataset comprises 143 se-
quences of daily activities recorded by multiple participants
across five geographically diverse indoor locations. However,
most of these recordings involve only a single participant or
missing recordings from one of the two participants. Since our
focus is on dual-participant interactions, we excluded such
data, resulting in a subset of 10 recordings. Among these,
5 recording sessions were further excluded due to highly
dynamic motion, face-to-face conversations without shared
object interactions, or a lack of common visual perspectives.
After this filtering process, we retained 5 recordings for
analysis. In the selected sessions, five participants, paired in
varying combinations, took part in the five distinct activity
sessions.

The data for each dual-participant task were processed
through the pipeline shown in Figure 1 to facilitate the analysis
of JVA.

B. Extracting Regions of Interest (ROIs) around the Gaze
Position

To analyze JVA between dual participants, we needed to
identify their shared visual perspective during the task. We
began by decomposing the egocentric video streams into
individual frames. Using Project Aria tools [19], we converted
the per-frame 3D eye gaze directional vectors into 2D gaze
coordinates and projected these coordinates onto the corre-
sponding video frames.

To detect moments of shared gaze, we initially compared
the full image frames between participants. However, this
approach yielded low similarity scores due to the presence
of many unrelated objects in the scene. To better capture
the visual content near the gaze point, we adopted a method
based on spatiotemporal tubes around points of gaze [26],
which allows for extracting and comparing the specific regions
attended to by each participant.

From the gaze-annotated frames, we extracted a 400×400
pixel region centered on each participant’s gaze point (see
Figure 2). This window size of 400 pixels was empirically
chosen to cover more than 25% of both the width and height
of each frame (resolution: 1408×1408), effectively capturing
the focal area of visual attention while reducing peripheral
visual noise. Assembled over time, these gaze-centered ROIs
formed what we refer to as spatiotemporal tubes, enabling a
more precise analysis of shared attention.

C. Calculating Similarity Between Spatiotemporal Tubes

In this study, we assess the visual similarity between two
sets of image frames, referred to as spatiotemporal tubes
using a deep learning-based feature extraction approach. Each
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Fig. 1. Processing pipeline for analyzing JVA between dyads in an egocentric setting. We use egocentric video and gaze data from each participant in
dual-participant activities in the Aria Everyday Activities Dataset [19]. Image frames are extracted from the video stream, and corresponding 2D gaze points
are projected onto each frame. For each gaze-annotated frame, a 400×400 pixel region centered at the gaze point is cropped. Time-synchronized pairs of these
gaze-centered regions (spatiotemporal tubes) are compared using a deep-learning model. Using a similarity threshold, we filtered the moments of joint visual
attention. Gaze data from these moments are then processed through the REAMAP API [30] to compute Coefficient K, which is analyzed to assess dynamic
attention characteristics.
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Fig. 2. Extracting regions of interest (ROIs) around the gaze position from video frames. The images on the left show the extracted frames from videos
for both participants along the time. The images on the right show the 400×400 area around the gaze position extracted from each video frame, making it a
spatiotemporal tube [26].



frame is processed with a pre-trained ResNet-50 convolutional
neural network (CNN) [31], a model widely adopted for
image recognition tasks. Rather than using the network for
classification, we remove its final classification layer and use
the remaining layers to extract deep feature representations
that capture high-level visual patterns from each image.

These feature vectors are then compared using cosine simi-
larity, a metric that quantifies the angular distance between two
vectors in high-dimensional space. A higher cosine similarity
score indicates greater visual similarity between the frames.
By aligning frames based on their temporal positions, we
compute similarity scores between image pairs across the two
spatiotemporal tubes. This allows us to analyze how closely
the visual content is aligned between two users or perspectives
over time.

D. Moments of Joint Visual Attention and Dynamics of Coef-
ficient K

To identify moments of JVA between participants, we
established a similarity threshold of 0.7 for comparing the
spatiotemporal tubes. This threshold was empirically deter-
mined through careful manual inspection and comparison of
various cases of joint attention and independent viewing.
Different threshold values were evaluated, and the final value
was selected based on their consistency in distinguishing
similarities. When the similarity score between the tubes of
both participants exceeded this threshold, the corresponding
frames were considered as moments of JVA.

Following the identification of JVA moments, we analyzed
the dynamic attention characteristics of each participant during
these periods using the ambient-focal attention K. To compute
coefficient K for each participant, we used the Real-Time
Advanced Eye Movements Analysis Pipeline (RAEMAP) [32],
an eye movement processing library. The coefficient K is
a dynamic indicator that captures the fluctuation between
ambient and focal visual search behaviors [17] (see Equation
1).

Ki =
di − µd

σd
− ai+1 − µa

σa
(1)

Where µd, µa are the mean fixation duration and saccade
amplitude, respectively, and σd, σa the standard deviation
of the fixation duration and saccade amplitude respectively,
which is then computed over all n fixations. A positive K
value indicates a more focal scanning pattern, while a negative
value reflects a more ambient scanning strategy during joint
attention.

IV. RESULTS

A. Percentages of JVA

To quantify the prevalence of JVA throughout the interaction
sessions, we calculated the percentage of JVA as a ratio
between the number of frames filtered as JVA moments (those
exceeding our established similarity threshold of 0.7) and
the total number of frames in videos of each session. This
approach provides a measure of joint attention frequency that

allows meaningful comparisons across varying activities and
contexts. Our method of quantifying JVA is nearly related
to the technique introduced by Schneider et al. [1], which
used the number of overlapping gaze positions during a time
window over the total gaze points during the entire activity
to quantify the JVA in a collaborative setting. By adapting
this approach to egocentric data, our measure captures the
proportion of shared attention during interactions. As shown
in Table I, our methods captured the highest level of joint
attention in A4 and A5, where the participants interacted
with a shared object, while the lowest was in A2 and A3,
where the participants performed most tasks independently.
While our observation proves the intuitive idea of the level
of collaboration in each task, it also establishes the potential
utility of our approach in joint attention detection.

TABLE I
PERCENTAGE OF JOINT VISUAL ATTENTION IN DIFFERENT EVERYDAY

ACTIVITIES

Activity Percentage of JVA
A1: Playing a game 23.74%
A2: Making coffee 3.97%
A3: Cooking and eating 5.12%
A4: Watching a video on mobile 46.44%
A5: Watching Television 44.16%

B. Dynamics of coefficient K
We analyzed the dynamics of the ambient-focal attention

coefficient K to investigate changes in participants’ attention
patterns during periods of joint visual attention. Our tempo-
ral analysis divided each experiment into four epochs and
computed the attentional characteristics. For this purpose, we
employed the coefficient K as a quantitative measure of visual
attention, where negative readings indicate ambient attention,
while positive values indicate focal attention. Our examination
of K values revealed changes in individual attention patterns
across four temporal segments.

For a macro-level analysis of the behaviors, we manually
annotated the events occurring each time by a panel of
three experts, assigning a high-level annotation to the overall
event during each temporal window. Then, we compared the
behavior of K with the events in each temporal window for a
qualitative study (see Table II). Among instances where partic-
ipants interact with the same shared object, we observed the K
to converge between participants (A1:T3-T4, A4:T4, A5:T1-
T4). Moreover, we observed dissimilar K readings where
interactions were independent (A2:T1-T4) or when attention
spread on different objects (A1:T1-T2). Our results suggest the
potential of K for measuring joint attention dynamics when
combined with environmental events.

V. DISCUSSION

The popularity of smart wearable devices, including AR/VR
headsets and head-mounted cameras, has significantly ad-
vanced the collection and analysis of egocentric data for social
attention research [33]. These technologies enable researchers



TABLE II
HIGH-LEVEL EVENT ANNOTATIONS FOR TIME EPOCHS IN JOINT ATTENTION STUDY.

Epoch Annotation
Activity Epoch 1 Epoch 2 Epoch 3 Epoch 4
A1: Playing a game Preparing Preparing Playing Playing
A2: Making coffee Grabbing items Grabbing items Pouring Drinking
A3: Cooking and eating Preparing Preparing Eating Eating
A4: Watching a video on mobile Walking Watching Watching Conversation, Watching
A5: Watching Television Watching Watching Watching Watching

to capture first-person perspectives complete with eye tracking,
head movement, and environmental context during natural
interactions. This methodological approach offers advantages
for studying JVA

Our methodology extends previous work by adding an-
other step to the identification of joint attention moments by
incorporating analysis of attention patterns exhibited during
these socially significant interactions. We use the ambient-
focal attention with coefficient K as an analytical measure to
explore the potential of advanced gaze metrics to study JVA
which will be a novel contribution to the field.

Our study encountered several technical challenges inherent
to egocentric data analysis. The dynamic nature of the visual
field in egocentric recordings presents substantial processing
difficulties, as participant movements constantly alter the
frame of reference. This is particularly evident in the Table
I, in Activities 2 and 3. Additionally, the relatively low
resolution of Project Aria glasses decreases the critical details,
and distinguishing features become obscured, reducing the
discriminative power of similarity metrics. Varying lighting
conditions across different recording environments also af-
fected our similarity calculations and ultimately affected in
detecting frames with JVA.

Looking ahead, we plan to enhance the JVA identification
component of our methodology by incorporating emerging
techniques like Segment Anything [34] model, an advanced
image segmentation algorithm by Meta. By detecting specific
objects rather than relying solely on visual similarity, we
may overcome some of the limitations imposed by lighting
variations and dynamic viewpoints.

The introduction of the ambient-focal analysis into JVA
research opens new research questions about the relationship
between attention patterns and effective collaboration. Future
studies could investigate whether certain patterns of ambient-
focal coefficient K dynamics correlate with more successful
collaborative outcomes or more efficient task completion. We
plan to expand this utility study on advanced eye tracking
metrics to incorporate other advanced gaze measures like gaze
transition entropy [9]. Ultimately, our study lays the ground-
work for future research on JVA with detailed interpretations.

VI. CONCLUSION

This study highlights the value of analyzing joint visual
attention (JVA) through egocentric data in natural settings.
Our methodology combines spatiotemporal tube analysis with
advanced gaze metrics to identify and characterize shared

attention moments. Results show JVA patterns vary by task
type, with higher rates during collaborative object-focused
activities compared to independent tasks. The convergence of
ambient-focal attention coefficients during shared object inter-
action suggests attentional synchronization that may enhance
collaboration. These insights provide a detailed understanding
of visual attention coordination in everyday activities. Our
approach offers researchers a tool for investigating social
attention in ecologically valid contexts, with applications in
developmental psychology, human-computer interaction, and
social robotics.
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