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Abstract

Gaze is a powerful cue for understanding attention, intention, and social interaction. This
thesis presents a comprehensive study of gaze prediction in naturalistic settings, with a focus
on developing models, datasets and evaluation protocols that go beyond spatial localization
to capture the semantic and social dimensions of gaze behavior. We address key limitations in
prior work and advance gaze prediction along several axes.

First, we introduce new datasets and annotations to support multimodal and multi-task learn-
ing. These include ChildPlay-audio, which augments child–adult interactions with speaking
status; VSGaze, a unified benchmark with annotations for gaze following and social gaze
tasks; and new semantic gaze annotations for the RLR-CHAT corpus to enable ego–exo gaze
modeling. We also propose new evaluation protocols that extend beyond location-based
metrics to assess semantic and socially grounded performance.

Second, we develop new architectures for gaze prediction. These include multimodal gaze
following models that incorporate depth and pose; unified frameworks that jointly model gaze
following and social gaze behaviors; and approaches to egocentric gaze estimation that lever-
age exocentric context. We further explore the use of foundation models and vision–language
models to extract robust features for these tasks.

Finally, we demonstrate the feasibility of applying these models to child–adult interaction
videos in the context of early language learning, where gaze plays a crucial role. Taken to-
gether, these contributions lay the groundwork for gaze models that are not only accurate
but also semantically meaningful, capable of leveraging complementary contextual and task
information, and applicable to real-world settings.

Keywords: gaze following, social gaze prediction, egocentric gaze prediction, multimodal
behaviour understanding
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Résumé

Le regard est un indice puissant pour comprendre l’attention, l’intention et l’interaction
sociale. Cette thèse propose une étude approfondie de la prédiction du regard dans des envi-
ronnements naturalistes, en mettant l’accent sur le développement de modèles, les jeux de
données et de protocoles d’évaluation allant au-delà de la simple localisation spatiale afin
de capturer les dimensions sémantiques et sociales du comportement visuel. Nous abordons
les principales limitations des travaux antérieurs et faisons progresser la prédiction du regard
selon plusieurs axes.

Premièrement, nous introduisons de nouveaux jeux de données et annotations pour soutenir
l’apprentissage multimodal et multi-tâche. Il s’agit notamment de ChildPlay-audio, qui enri-
chit les interactions enfant–adulte avec des annotations de statut de parole ; de VSGaze, un
benchmark unifié comportant des annotations pour la détection du regard et les tâches de
regard social ; ainsi que de nouvelles annotations sémantiques sur le corpus RLR-CHAT pour
permettre la modélisation du regard égocentrique et exocentrique. Nous proposons également
de nouveaux protocoles d’évaluation qui vont au-delà des métriques de localisation pour
évaluer les performances selon des critères sémantiques et socialement ancrés.

Deuxièmement, nous développons de nouvelles architectures pour la prédiction du regard.
Cela inclut des modèles multimodaux intégrant la profondeur et la pose corporelle ; des cadres
unifiés modélisant conjointement la poursuite du regard et les comportements sociaux du
regard ; ainsi que des approches pour l’estimation du regard en vision égocentrique tirant parti
du contexte exocentrique. Nous explorons également l’utilisation de modèles fondamentaux
et de modèles vision–langage pour extraire des représentations robustes adaptées à ces tâches.

Enfin, nous démontrons la faisabilité de l’application de ces modèles à des vidéos d’inter-
actions enfant–adulte dans le contexte de l’apprentissage du langage, où le regard joue un
rôle essentiel. Pris ensemble, ces travaux développent les bases de modèles de regard à la fois
précis, sémantiquement pertinents, capables d’exploiter des signaux contextuels et informa-
tionnels complémentaires, et utilisables dans des contextes réels.

Mots-clés : détection du regard, prédiction du regard social, prédiction du regard égocentrique,
compréhension multimodale du comportement
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1 Introduction

Human gaze is a subtle yet profound channel of nonverbal communication. From early
social interactions in childhood to complex group dynamics in adult settings, where one
looks conveys intentions, attention, and engagement. For example, the ability to interpret
where others are looking—referred to as gaze following—is known to support early language
acquisition (Brooks and Meltzoff, 2005, 2008). Gaze has also been shown to play a key role in
regulating turn-taking behavior during conversations (Kendon, 1967). Conversely, abnormal
gaze patterns are strongly linked to neuro-developmental disorders like Autism Spectrum
Disorder (ASD) (Senju and Johnson, 2009; Mundy et al., 1990).

For this reason, the computer vision task of gaze estimation has found wide-ranging applica-
tions. These include human–robot interaction (Sheikhi and Odobez, 2015), where interpreting
user gaze helps guide the robot’s social behavior; consumer behavior analysis (Tomas et al.,
2021), where gaze reveals attention in marketing contexts; and clinical diagnosis (Chong et al.,
2017), where gaze behavior may serve as a marker for developmental conditions (see Figure
1.1). While gaze estimation encompasses a range of tasks, this thesis focuses on predicting
a person’s gaze target (e.g. 2D pixel location, semantic label) within the scene from both
third-person and first-person views, as well as modeling social gaze behaviour.

In third-person settings, earlier approaches to predicting a person’s gaze target often relied on
specialized hardware, such as multiple calibrated cameras, or required prior knowledge of the
scene layout (Otsuka et al., 2018; Bai et al., 2019). While these setups enabled accurate gaze
estimation, they limited scalability and everyday applicability. More recent deep learning-
based methods, notably introduced by Recasens et al. (2015), have shifted the paradigm
toward inferring gaze targets directly from monocular RGB images, optionally augmented
by other inputs such as depth and body pose. This approach adopts the term gaze following
from developmental psychology and enables robust gaze target prediction in unconstrained
scenes (Chong et al., 2020b; Fang et al., 2021; Lian et al., 2018), even under challenging
conditions such as low visual clarity or visual clutter.

Beyond single-person gaze target prediction, researchers have also explored social gaze in
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Chapter 1. Introduction

Figure 1.1: Gaze estimation has important applications ranging from human-robot interaction
where the robot can serve as a guide in a museum (left, image from Sheikhi and Odobez
(2015)), consumer behavior analysis to study shopping patterns (middle, image from Tomas
et al. (2021)), and clinical diagnosis of autism (right, image from Chong et al. (2020b)).

multiparty settings. These models detect high-level interactive behaviors such as eye-contact
(Marin-Jimenez et al., 2019) or shared attention (Fan et al., 2018)—signals that have direct
relevance for downstream applications like ASD screening, where clinicians specifically assess
such social gaze behaviors (Edition, 2013).

While the previous works have focused on third-person gaze analysis, first-person or ego-
centric gaze estimation focuses on predicting the gaze target of the individual wearing an
AR/VR device. With the growing ubiquity of such AR and VR devices (Ray-Ban, 2025; Apple,
2025), egocentric gaze estimation is increasingly valuable for enabling immersive and intuitive
interaction. This is typically addressed using eye-tracking, which infers gaze direction from
close-up views of the eyes and maps it onto the observed scene to identify the gaze target.
However, it comes with limitations such as additional hardware, calibration requirements and
increased power consumption (Hansen and Ji, 2009). Recent efforts (Lai et al., 2023; Tavakoli
et al., 2019; Huang et al., 2018) aim to address these challenges by predicting egocentric gaze
targets directly from outward-facing RGB video.

In this thesis, we build upon these prior works in gaze estimation, and propose new methods,
datasets, and evaluation protocols for gaze following, social gaze prediction and egocentric
gaze estimation. We additionally apply these models in naturalistic child-centric settings.

The rest of this chapter proceeds as follows: we first present an overview of the different tasks
and their associated challenges, we then outline our research objectives and finally summarize
the main contributions of this thesis.

1.1 Addressed Tasks

In this section, we formally introduce the three vision tasks tackled in this thesis—gaze fol-
lowing, social gaze prediction, and egocentric gaze estimation—and summarize the specific
challenges each of them poses.

2
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Figure 1.2: An illustration of the gaze following task, defined as predicting the 2D gaze target
of a person in the scene. Accurate prediction requires estimating the person’s visual field-of-
view, identifying salient elements in the scene, and making a final decision about the gaze
target—potentially incorporating additional context such as social or interactive cues.

1.1.1 Gaze Following

The computer vision task of gaze following aims to predict the 2D location of a person’s gaze
target in an image or video. An example is shown in Figure 1.2, where the child’s gaze is
directed toward the toy in front of him. Accurate gaze following requires the model to integrate
multiple levels of visual and contextual reasoning. Broadly, the task can be decomposed into
the following three components:

• Visual Field-of-View: When the person’s eyes are visible, the model can directly estimate
gaze direction. In more challenging scenarios—such as when the eyes are occluded or
low-resolution—the model must rely on indirect cues like head orientation and body
pose. This information along with scene geometry helps establish the person’s visual
field-of-view (FoV), i.e., the region of the scene that is likely visible to them.

• Scene saliency: The model must identify salient elements in the environment—such as
toys, furniture, or people—and determine which of these fall within the estimated FoV,
and are thus visible targets.

• Decision making: With the FoV and salient scene elements identified, the model must
then infer the gaze target. Most methods formulate this as a heatmap prediction, allow-
ing for multimodal outcomes. In ambiguous cases with multiple plausible targets, the
model may leverage additional context such as social cues (e.g., shared gaze, speaking
status) or interactive signals (e.g., gestures, pointing) to disambiguate the target.

An important sub-task within gaze following involves predicting a binary in vs. out-of-frame
gaze label. This label indicates whether the gaze target is visible within the image frame and
helps exclude gaze following predictions when the target lies outside the scene.

It is worth noting that, while the gaze following task is general in its formulation—thereby
enhancing its applicability—it also comes with certain limitations. First, the predicted gaze
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Figure 1.3: Social gaze prediction enables semantic interpretation of gaze behavior, which is
often more valuable for downstream applications. We focus on three social gaze prediction
tasks - looking at heads or LAH (left), looking at each other or LAEO (middle) and shared
attention or SA (right).

point lacks semantic grounding, which can limit its utility in downstream applications where
categorical or relational understanding (e.g., object of interest, interaction intent) is more
informative. Second, the annotation process for gaze following is labor-intensive, as it requires
precisely marking the gaze target within the image, often necessitating frame-by-frame effort.

1.1.2 Social Gaze Prediction

As discussed above, gaze following lacks semantic labels which are often more valuable for
downstream tasks. When considering human interactions or human-robot interactions, a
first level of semantic understanding is related to the analysis of social gaze patterns between
people. For instance, in autism spectrum disorder (ASD) screening, behaviors like lack of eye-
contact serve as vital diagnostic cues (Edition, 2013). Similarly, in human–robot interaction,
gaze information helps identify who is speaking to whom and guides appropriate conversation
behaviour (Admoni and Scassellati, 2017). In this thesis, we focus on three frame-level social
gaze prediction tasks (illustrated in Figure 1.3):

• Looking at Heads (LAH): Indicates whether one person is looking at another person’s
head. Notably, the gaze does not need to be reciprocated.

• Looking at Each Other (LAEO): Captures instances of mutual gaze or eye-contact, where
two individuals are simultaneously looking at each other.

• Shared Attention (SA): Refers to the scenario in which two or more individuals are
attending to the same object or person in the scene.

These tasks are defined as atomic and frame-specific; they do not rely on a sequence of sub-
events, distinguishing them from more temporally extended constructs such as joint attention
(Fan et al., 2019). Specifically, we focus on predicting social gaze labels at the level of person
pairs. For shared attention, pairwise predictions can subsequently be aggregated to identify
the group of individuals attending to the same target.

Similar to gaze following, accurate prediction of social gaze labels requires an understanding of
both scene-level and person-level cues—with particular emphasis on social interactions. This
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Figure 1.4: Egocentric gaze estimation focuses on predicted the 2D gaze target of the person
wearing an AR/VR device, in the scene captured from the first-person perspective. In these
samples from RLR-CHAT (Murdock et al., 2024; Yun et al., 2024), the egocentric gaze target
marked with a green dot.

includes interpreting mutual orientation, gaze alignment, and contextual relationships among
individuals. A key advantage of social gaze annotation is that it is generally less labor-intensive
than gaze following, as it involves assigning discrete categorical labels to pairs or groups of
individuals, rather than precisely marking gaze points within the image.

1.1.3 Egocentric Gaze Estimation

Egocentric gaze estimation focuses on predicting the 2D gaze target of the AR/VR device
wearer within the observed scene (Figure 1.4). Compared to third-person tasks like gaze
following and social gaze prediction, this setting introduces two major challenges:

• Lack of direct visual gaze cues of the person of interest: Since the camera wearer is not
visible in the video, the model cannot observe the eyes or facial orientation to directly
estimate gaze direction.

• Camera motion: Egocentric videos exhibit significant self-motion, in contrast to third-
person videos that are typically captured from a static viewpoint. This introduces
additional complexity, as the model must learn to compensate for the wearer’s head and
body movements.

To address the second challenge, models must instead rely on other signals. As for gaze
following, scene-saliency and contextual cues from other people in the environment can
offer valuable information about potential gaze targets. Dynamics signals, such as estimated
camera motion or inertial measurements from IMUs, can also offer cues related to gaze shifts
or head gestures. Additionally, due to natural oculomotor biases (Pelisson et al., 1988), gaze
targets in egocentric views tend to be strongly concentrated near the image center, which can
be exploited as a spatial prior.

A key advantage of this task formulation is the potential for large-scale automatic annotation
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using glasses with eye-tracking such as the Aria (Engel et al., 2023). This enables efficient data
collection at scale—unlike gaze following or social gaze prediction, which typically require
manual labeling of gaze targets or social interactions.

1.2 Research Objectives

Our research objectives build directly on the tasks outlined in the previous section, and target
key limitations identified in existing methods, datasets, and evaluation protocols at the start
of this PhD. Beyond advancing the state-of-the-art, we also explore the applicability of the
developed models in real-world settings.

1.2.1 Leverage Multimodal Information for Improving Gaze Prediction

Contemporary gaze methods rely predominantly on RGB input, hence, the model must
implicitly learn all the relevant cues necessary to solve the task effectively. However, this
is challenging given the limited size of existing datasets.

Our first objective is therefore to explicitly incorporate relevant cues by leveraging additional
modalities that can be obtained at little extra cost—monocular depth, body-pose skeletons
from strong pre-trained models, or spatial audio from microphones—so as to resolve difficult
cases while remaining deployable “in the wild.” We will investigate:

• fusion strategies that integrate standard RGB input with modalities such as pose, depth,
and audio within a single gaze-prediction architecture;

• geometrically consistent 3D scene reasoning (depth, point clouds, explicit gaze cones)
that lets the network discard targets outside the viewer’s 3D field of view;

• the use of recent vision–language models (VLMs) as a source of gaze relevant contex-
tual cues such as people’s pose, gestures and interactions, and a model allowing their
exploitation towards gaze tasks;

• privacy-preserving variants that rely only on anonymised modalities (pose and depth)
when identifiable imagery cannot be used.

1.2.2 Develop a Unified System for Modelling Gaze-Based Social Interactions

Traditionally, gaze following, LAH, LAEO, and SA are tackled by separate networks, each trained
with its own loss function. This siloed approach overlooks the strong dependencies among
these tasks and incurs unnecessary computational overhead when multiple models must be
run in parallel.

Our second objective is therefore to devise a single framework that jointly reasons about gaze
targets and social relations in third-person views. Specifically, the system should:
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• process all people in the scene in one forward pass, avoiding repeated per-person
inference;

• capture person–person interactions and their temporal evolution, enabling the network
to reason about mutual gaze, shared attention, and conversational dynamics;

• jointly train across all tasks to leverage complementary information and enable unified
prediction within a single multi-task framework;

• seamlessly integrate the multimodal streams introduced in the previous objective so
that the same architecture can exploit whichever modalities are available at deployment.

1.2.3 Learn Ego-Exo Gaze Representations

Egocentric (ego) gaze estimation and third-person (exo) gaze following are typically studied in
isolation, yet the two views are naturally linked in multi-party interactions. When the AR/VR
device wearer’s view contains several plausible targets, knowing where other people in the
scene are looking can resolve the ambiguity. For instance, shared attention from exocentric
observers can be a strong cue.

This objective explores whether such exocentric information can be captured without extra
manual labels. Specifically, we will investigate:

• self-supervised approaches for learning exocentric gaze representations, with the goal
of improving egocentric gaze estimation in social settings;

• novel probing tasks to evaluate the learned representations.

1.2.4 Create New Datasets and Evaluation Protocols

Most publicly available datasets tackle only one facet of gaze—for example, gaze following or
LAH—making them ill-suited for training and assessing unified models that predict multiple
gaze behaviours at once. Additionally, they often lack annotations for contextual signals that
can inform gaze prediction. Our next objective is therefore to develop new datasets to support
these objectives. Concretely, we will:

• merge and expand current datasets by adding missing labels (e.g. LAH, LAEO, SA),
thereby increasing both scale and scene diversity;

• enrich the data with complementary signals such as speaking status so that multimodal
models can be trained and evaluated.

Alongside the data effort, we will design evaluation protocols that better reflect downstream
needs. Traditional gaze following metrics judge heatmap or pixel-level accuracy but ignore
what or whom is being looked at. Conversely, some existing metrics such as those for shared
attention suffer from drawbacks as they overlook which specific people share attention. We
will introduce metrics that capture these semantic aspects, as well as provide a more complete
picture of model performance.
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Figure 1.5: A potential pipeline for applying gaze prediction models in ASD settings. We
can first extract frame-level behaviors (e.g., gaze points, social gaze), followed by event-level
patterns (e.g., durations, transitions). These predicted behaviors can be compared with
clinician annotations to compute relevant behavioral statistics.

1.2.5 Study Applications of Gaze Models in Naturalistic Settings

The value of more accurate gaze modeling ultimately lies in its real-world applications. We
therefore turn to child-centred domains such as autism-diagnostic sessions and early language
learning where gaze is a key behavioural marker. Notably, this PhD was supported by the
SNSF Sinergia project AI4Autism (Tafasca et al., 2023a), which aims to leverage automated
tools—including computer vision methods—for early screening and detailed phenotyping of
autism.

Existing studies in these areas often rely on controlled laboratory protocols or specialised
hardware, restricting investigations to small cohorts. By contrast, the methods developed in
this thesis operate directly on unconstrained video and audio, allowing researchers to analyse
much larger, more varied datasets collected in the wild. In doing so, they open the door
to ecologically valid studies of joint attention, eye-contact patterns, and other gaze-based
behaviours that matter for both diagnosis and developmental science.

In Figure 1.5, we illustrate a potential pipeline for analyzing gaze behaviors of children during
autism diagnostic sessions. The automatically predicted gaze patterns can be correlated with
clinician annotations to compute relevant behavioral statistics.

1.3 Contributions

The contributions of this thesis are organised around the research objectives set out in the
preceding section.

(O1) Multimodal gaze following (§1.2.1).

– Multimodal models. We introduce two gaze following architectures that fuse RGB
with complementary streams. The first, published in Gupta et al. (2022), combines
predicted depth and body pose with RGB and can even operate on depth and
pose alone for privacy-sensitive use cases. The second, published in Tafasca et al.
(2023b), performs explicit geometric reasoning: it combines the predicted scene
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point cloud with the estimated 3D gaze vector to construct a 3D field-of-view
cone that highlights scene regions physically visible to the person. Both achieve
state-of-the-art results and are detailed in Chapter 5.

– Vision–language cues. In Gupta et al. (2024c) we show that large vision–language
models can supply rich contextual cues—pose, gestures, social interactions—that,
when injected into a gaze following network, boost cross-dataset generalisation.
This work is detailed in Chapter 7.

(O2) Unifying gaze following and social gaze prediction (§1.2.2). We design transformer-
based systems that, in a single pass and for any number of people, predict both the
gaze target and three frame-level social labels—LAH, LAEO, and SA. The first model,
published in Gupta et al. (2024a), starts from a frozen gaze following backbone and adds
a graph module that reasons over person interactions to infer social gaze. Building on
these insights, the second model, published in Gupta et al. (2024b), models person inter-
actions and their temporal evolution at multiple levels of the architecture. It is trained
end-to-end to predict both gaze targets and social labels, and can accept several of the
multimodal cues introduced in (O1). Both architectures are presented in Chapter 6.

(O3) Ego–exo representation learning (§1.2.3). We introduce novel techniques that align
egocentric (ego) and third-person (exo) gaze features captured during multi-party con-
versations. The exo features are learned via self-supervision and help inform the pre-
diction of the egocentric gaze target by providing information about where others are
looking, enabling the model to resolve ambiguous, multi-target scenes and improve
single-frame egocentric gaze prediction. This work is currently under submission and is
detailed in Chapter 8.

(O4) Datasets and protocols (§1.2.4).

– VSGaze. We merge and extend multiple public datasets to create VSGaze, the
largest corpus to date with unified annotations for gaze following, LAH, LAEO, and
SA. This dataset supports multi-task learning and evaluation for unified models.
The work was presented in Gupta et al. (2024a,b) and detailed in Chapter 3.

– ChildPlay-audio. We extend the ChildPlay dataset (Tafasca et al., 2023b) with
frame-level annotations for speaking status. These labels enable the use of speaker
information as an additional modality in the multimodal models described in
Objectives O1 and O2. This contribution is also described in Chapter 3.

– New metrics. We propose evaluation protocols and metrics for assessing semantic
gaze following, particularly for the social gaze tasks LAH, LAEO, and SA. In particu-
lar, we introduce a new pairwise evaluation protocol for SA that explicitly identifies
the individuals involved in shared attention, addressing a key limitation of prior
work. These contributions were presented in Gupta et al. (2024a,b) and discussed
in Chapter 4.

9



Chapter 1. Introduction

(O5) Applications in naturalistic child studies (§1.2.5). We apply our developed models to
child language learning settings to evaluate their ability to automatically capture joint
attention behaviours in naturalistic interactions. This work demonstrates the potential
of gaze-based models in supporting large-scale, ecologically valid behavioural analysis.
It was published in Dickerman et al. (2025) and is detailed in Chapter 9.

1.4 Thesis Plan

In summary, this thesis is organized as follows:

• Chapter 2 provides an overview of related work.

• Chapter 3 details the datasets used throughout the thesis.

• Chapter 4 introduces the metrics and evaluation protocols.

• Chapter 5 presents our proposed multimodal gaze following models that leverage depth
and pose information.

• Chapter 6 introduces our unified architectures that jointly address gaze following and
social gaze prediction.

• Chapter 7 explores vision–language models for extracting gaze-relevant contextual cues
and integrating them into a gaze following model.

• Chapter 8 explores self-supervised approaches for learning exocentric features to im-
prove egocentric gaze estimation performance.

• Chapter 9 investigates the application of our developed models in naturalistic child
language acquisition settings.

• Chapter 10 concludes the thesis by summarizing contributions, and discussing limita-
tions and promising future directions.
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2 Related Work

In Chapter 1, we introduced the gaze tasks addressed in this thesis: gaze following (Sec-
tion 1.1.1), which predicts the 2D gaze target of a person in an image or video; social gaze
prediction (Section 1.1.2), which infers frame-level social interaction labels such as eye contact
and shared attention; and egocentric gaze estimation (Section 1.1.3), which aims to estimate
the 2D gaze target of an AR/VR device wearer from their first-person view.

In this chapter, we survey prior work across these domains. We begin with early methods for
predicting a person’s gaze target, referred to as their visual focus of attention (VFOA), that
relied on controlled lab setups (Section 2.1). We then review modern deep learning approaches
for gaze following (Section 2.2) that allow gaze target prediction "in the wild". We then discuss
models for social gaze prediction (Section 2.3), egocentric gaze estimation (Section 2.4), and
approaches that bridge first- and third-person views through ego–exo representation learning
(Section 2.5).

We also discuss the recent emergence of vision–language models (VLMs) and prompting
strategies that offer new ways to extract contextual cues relevant to gaze understanding
(Section 2.6). Finally, we highlight applications of gaze modeling in child-centered domains,
particularly autism diagnosis and early language development (Section 2.7).

2.1 VFOA Estimation

These works typically formulated the task as a two-step process: (1) estimate the person’s gaze
direction, and (2) map it to a predefined set of candidate targets to determine their visual
focus of attention (VFOA).

Since accurately estimating gaze direction is difficult, particularly when the eyes are occluded,
initial approaches used head pose as a proxy. Probabilistic inference techniques such as
Gaussian Mixture Models (GMM), Hidden Markov Models (HMM), and Dynamical Bayesian
Networks (Stiefelhagen et al., 1999; Otsuka et al., 2006; Ba and Odobez, 2008) were commonly
used to estimate VFOA from sequences of head pose. These models often incorporated
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Fig. 1. Recognizing the VFOA of people. (a) the meeting room (b) a sample image of the dataset (c) the potential VFOA

targets for the right person (d) the geometric configuration of the room.

head nod or shake can be interpreted as agreement or disagreement [5]. Besides hand and head

gestures, the VFOA is another important non-verbal communication cue with functions such as

establishing relationships (through mutual gaze), regulating the course of interaction, expressing

intimacy, and exercising social control [6], [7].

A speaker’s gaze often correlates with his addressees, i.e. the intended recipients of the speech

[8]. Also, for a listener, monitoring his own gaze in concordance with the speaker’s gaze is a

way to find appropriate time windows for speaker turn requests [9], [10]. Thus, recognizing the

VFOA patterns of a group of people can reveal important knowledge about the participants’ role

and status [11], [7]. Following these studies in social psychology, computer vision researchers are

showing more interest in the study of automatic gaze and VFOA recognition systems [12], [13],

[2], as illustrated by some of the research tasks defined in several recent evaluation workshops

[14], [15]. Since meetings are places where the multi-modal nature of human communication

and interaction best occur, they are well suited to conduct such research studies.

In this context, the goal of this paper is to analyze the correspondence between the head pose

of people and their gaze in more general meeting scenarios than those previously considered [12],

[13]. In addition we propose methods to recognize the VFOA of people from their head pose (see

Fig. 1, and Fig. 9 for some results). In meeting rooms, where high resolution close-up views

of the eyes which are typically required by HCI gaze estimation systems, are not available

in practice, it has been shown in [12] that head orientation can be reasonably utilized as an

approximation of the gaze when VFOA targets are the other meeting participants (in meetings

with 4 people). In this paper, we investigate the estimation of VFOA from head pose in complex

meeting situations. Firstly, unlike previous work ([12], [13]), the scenario we consider involves

people looking at slides or writing on a sheet of paper on the table. As a consequence, people

have more potential VFOA targets in our set-up (6 instead of 3 in the cited work), leading

Figure 2.1: Early approaches for VFOA estimation relied on specialized hardware, such as
calibrated camera setups or pre-specified scene layouts. In this example from Ba and Odobez
(2008), both object and person locations are predefined within the environment.

additional contextual cues (Gorga and Otsuka, 2010) that served as priors for VFOA estimation,
including speaking status, speech semantics (Sheikhi and Odobez, 2015; Otsuka et al., 2018),
and inter-personal dynamics such as joint VFOA modeling across participants (Ba and Odobez,
2011; Masse et al., 2018).

With advances in gaze estimation, even simple frame-based geometric approaches have
proven effective for VFOA prediction (Yücel et al., 2013). More recently, deep learning archi-
tectures—including convolutional neural networks (CNNs) and recurrent neural networks
(RNNs)—have been introduced, leading to further improvements in performance (Siegfried
and Odobez, 2021).

Despite these developments, most existing methods depend on controlled setups—either re-
quiring calibrated hardware or prior knowledge of the scene structure, such as object locations
(Figure 2.1). This reliance limits their applicability in unconstrained, real-world environments.

2.2 Gaze Following

As discussed in Section 1.1.1, gaze following can be decomposed into three steps: 1) estimating
the visual field-of-view (FoV), 2) identifying salient elements within the scene, and 3) making
a decision about the likely gaze target.

Building on this framework, Recasens et al. (2015) proposed the first deep learning-based
model for gaze following. Their architecture uses a CNN with two branches (Figure 2.2): one
branch processes the overall scene to identify salient elements, while the other analyzes a
cropped image of the target person’s head to predict a gaze mask that approximates the FoV.
The output is a heatmap over the scene indicating probable gaze target locations. Similar
to works in pose estimation (Tompson et al., 2015), such a heatmap representation enables
multimodal predictions, which is essential for capturing the inherent ambiguity of gaze target
inference in many situations.

Subsequently, many studies adopted a similar two-branch architecture. For instance, Chong
et al. (2018) extended the model to also determine whether a person’s gaze lies within or

12



2.2 Gaze Following

Figure 2.2: The two-branch architecture for gaze following proposed by (Recasens et al., 2015)
which was subsequently adopted by many works. The top branch analyzes the entire scene for
salient elements, while the bottom branch processes the head crop to model gaze direction
and head orientation. The output is a heatmap over the scene, highlighting potential gaze
targets.

beyond the image boundaries, and Lian et al. (2018) predicted a 2D gaze vector from the
head-branch features to generate explicit “gaze cones” that capture the 2D field-of-view, which
were then fused with the original image for inference. Drawing on human pose estimation
methods, Zhao et al. (2020) proposed predicting the line of sight along with an attention
“landmark”. More recent works expanded on these ideas by incorporating multimodal inputs
and modern transformer-based architectures to enhance accuracy.

2.2.1 Multimodal Approaches

As discussed in Research Objective 1.2.1, it is difficult for gaze following models to capture
all relevent cues for accurate prediction from RGB input alone given the limited size of ex-
isting datasets. For this reason, a number of studies have examined the use of multimodal
information obtained from pre-trained models for improving gaze following.

Guan et al. (2020) employed a person’s body pose to strengthen the gaze branch in cases
where facial information is unavailable. Likewise, Nan et al. (2021) combined task-driven
top-down attention with bottom-up signals (optical flow and pose) to infer the gaze target.
Several methods (Fang et al., 2021; Jin et al., 2022; Bao et al., 2022) leveraged predicted disparity
maps for identifying whether particular objects lie within the person’s 3D line of sight, thereby
disambiguating potential gaze targets. However, disparity maps produce geometrically incon-
sistent point clouds, limiting the extent of 3D reasoning. These methods also do not match
the predicted 3D gaze with the inferred point cloud to construct explicit 3D Field-of-View
maps. Furthermore, the combined use of depth and body pose has not been investigated. In a
related direction, Hu et al. (2022a) performed 3D gaze target prediction using RGB-D images,
but this thesis focuses on standard RGB-only inputs.
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Figure 2.3: Sample predictions from (Tonini et al., 2023). Ground-truth annotations are in
white, and model predictions are in red. In several cases, the model either misses certain
heads or generates multiple bounding boxes for the same individual, each with a different
gaze target.

2.2.2 Transformer and Multi-Person Approaches

The works discussed above focused on single-person gaze following. However, in multi-person
scenes, this approach requires reprocessing the entire scene separately for each individual,
leading to significant computational overhead. Moreover, such models cannot take advan-
tage of person–person interactions, which can provide valuable context for accurate gaze
prediction.

Jin et al. (2021) proposed the first multi-person gaze following architecture that uses a CNN-
based scene encoder to extract a scene-level representation, which is subsequently combined
with features from each individual’s head crop. More recent work (Ryan et al., 2025; Song et al.,
2024) has followed a similar approach while replacing the CNN encoder with a stronger vision
transformer (ViT) pre-trained with DINOv2 (Oquab et al., 2023). Notably, Ryan et al. (2025)
demonstrated state-of-the-art performance by using a frozen encoder and injecting head
position embeddings, followed by a lightweight decoder to predict the final gaze heatmap.
While these methods lower computational cost, they do not explicitly model interactions
among different people, since each head is still processed independently.

Another line of research (Tu et al., 2022; Tonini et al., 2023) employs DETR-like transformer
architectures (Carion et al., 2020) for multi-person gaze following. These approaches take a
single image as input and jointly estimate the bounding boxes and gaze targets of all individu-
als in the scene. Although this design can implicitly capture person-person interactions, it also
introduces certain limitations. First, their models do not reach state-of-the-art head detection
performance and can miss heads, especially for individuals who are partially occluded or
facing away. Second, as noted in Ryan et al. (2025), these models typically generate a fixed
number of bounding box predictions, which may exceed the actual number of heads. Conse-
quently, multiple predictions can arise for the same person, each associated with a distinct
gaze target. However, no solution is provided for resolving these duplicate outputs, which is
problematic when applying the model in real-world settings. Figure 2.3 shows examples of
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Figure 2.4: Chong et al. (2020b) were the first to explore the use of temporal information for
enhancing gaze following by applying an LSTM over bottleneck features from the scene and
head branches. However, this approach yielded only marginal improvements compared to
their static version.

these issues in Tonini et al. (2023).

2.2.3 Temporal Approaches

Temporal information has the potential to significantly enhance gaze following. At the scene
level, moving objects or people often serve as strong indicators of saliency. Additionally, due to
the close coordination between eye and hand movements (Johansson et al., 2001), recognizing
gestures such as object manipulation can provide informative cues about gaze targets. At the
head level, prior work on 3D gaze direction estimation (Kellnhofer et al., 2019; Vuillecard and
Odobez, 2025) has demonstrated that modeling head and gaze dynamics over time leads to
more accurate predictions.

However, exploiting temporal information for gaze following remains underexplored. To
our knowledge, only two previous works have investigated its benefit. (Chong et al., 2020b)
introduced a convolutional LSTM at the bottleneck layer of their network (Figure 2.4), and
(Miao et al., 2023) leveraged a temporal attention mechanism to aggregate frame-level fea-
tures. However, both approaches only achieve marginal gains over their static counterparts,
underscoring the difficulties in leveraging temporal dynamics for this task. Moreover, neither
method explicitly models 2D gaze direction over time, nor do they address multi-person
scenarios.
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Figure 2.5: Several prior works for social gaze estimation proposed task-specific architectures,
such as this one from Marín-Jiménez et al. (2021) for LAEO. It also only supports processing
pairs of people, requiring multiple forward passes for all pairs of people in the scene.

2.3 Social Gaze Prediction

As discussed in Section 1.1.2, we focus on three frame-level social gaze tasks - looking at
heads (LAH), looking at each other (LAEO) and shared attention (SA). A number of works have
tackled social gaze prediction, particularly LAEO and SA. These typically follow one of two
approaches:

• Task-specific methods: These target individual tasks like LAEO or SA (Marin-Jimenez
et al., 2019; Sumer et al., 2020). While effective for their respective tasks, they cannot
generalize to other gaze related tasks. As a result, a suite of task-specific models would
be needed to extract different social gaze labels.

• Post-processing methods: These operate on gaze point, gaze vector, or head pose predic-
tions (Chong et al., 2020b; Cantarini et al., 2021). While the post-processing protocols
can be adapted to target a range of social gaze tasks, they typically achieve lower per-
formance than task-specific models as they are not explicitly trained for social gaze
prediction.

In the following sections, we review representative works from both categories, as well as well
as the few works that attempt multi-task modeling of social gaze.

2.3.1 Looking at Each Other

For LAEO, most approaches rely on processing head crops to extract gaze directional infor-
mation, which is subsequently combined with 2D or inferred 3D geometry to classify LAEO
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Figure 2.6: Samples from the VACATION dataset (Fan et al., 2019). In both cases, Person 3
is missed because the associated individual is already annotated with a social gaze ’state’.
Similarly, the method proposed in the paper predicts only a single social gaze state per person,
preventing the modeling of simultaneous social gaze behaviours.

(Marin-Jimenez et al., 2019; Doosti et al., 2021; Marín-Jiménez et al., 2021; Cantarini et al.,
2021) (see Figure 2.5). However, these methods typically treat each pair of individuals inde-
pendently and focus exclusively on head crops, ignoring global scene context and limiting
extensibility to social gaze tasks such as SA. A recent paper (Guo et al., 2022) introduced an
encoder-decoder transformer to jointly predict heads and LAEO labels with good results, yet
encounters similar drawbacks.

2.3.2 Shared Attention

For shared attention, the first method to address it in unconstrained environments was Fan
et al. (2018), which framed the problem as two sub-tasks: (i) classifying whether SA occurs
in a frame, and (ii) localizing the target of attention, often assuming only one such target
exists. Their method combined 2D gaze cones of each person with a heatmap of object region
proposals, while other works (Sumer et al., 2020) directly inferred SA from raw images. More
recent approaches have leveraged gaze following heatmap predictions for all people in the
scene (Chong et al., 2020b; Tu et al., 2022), thereby enhancing performance.

Nevertheless, the task formulation proposed by Fan et al. (2018) faces two key issues: (i) it
cannot differentiate multiple SA instances within the same frame, and (ii) it cannot identify
which specific individuals share attention.

2.3.3 Multi-Task Prediction

As discussed in Research Objective 1.2.2, developing multi-task frameworks for social gaze
prediction can provide not only computational advantages but also potentially lead to better
overall performance by leveraging complementary information across tasks. However, while
many studies address social gaze prediction, few have tackled multiple social gaze tasks
simultaneously.

One notable exception is Fan et al. (2019), which examined gaze communication activities
(including LAEO and SA) in a graph-based framework. However, their method infers only a
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Figure 2.7: Typical architectures for egocentric gaze estimation process a sequence of video
frames to predict a heatmap over the scene highlighting potential gaze targets. Illustrated here
is the transformer-based architecture from Lai et al. (2023).

single gaze “state” per person, disallowing simultaneous LAEO and SA (examples in Figure 2.6).
Also, it does not specify which other person is involved in the social gaze interaction. Another
approach (Chang et al., 2023), extends a gaze following style two-branch architecture to
analyze dyadic communication, but it requires

Np !
(Np°2)! forward passes to process all pairwise

interactions for Np people, leading to high computational cost. Moreover, neither method
addresses the gaze following task as part of an integrated framework.

2.4 Egocentric Gaze Estimation

There have been several works on egocentric gaze estimation using deep learning (Huang
et al., 2018, 2020; Tavakoli et al., 2019; Lai et al., 2023; Li et al., 2021; Thakur et al., 2021). Similar
to approaches in gaze following, these methods typically generate a heatmap over the scene
to enable multimodal predictions. Furthermore, like recent advances in gaze following, they
recognize the value of incorporating multimodal information to improve performance. For
instance, motivated by the strong coordination between gaze and hand movements (Johansson
et al., 2001), Huang et al. (2020) demonstrated the benefit of jointly modeling egocentric gaze
with hand actions. On the other hand, Thakur et al. (2021) incorporated IMU measurements
to improve gaze estimation. As discussed in Section 1.1.3, even in the absence of direct visual
cues for gaze direction, proxies such as head movement and orientation from such sensors
can be informative. More recently, Lai et al. (2023) introduced the first transformer-based
model for this task (Figure 2.7), achieving state-of-the-art results by leveraging more robust
pre-trained representations and learning global-local scene relations. Notably, all of these
works process a sequence of frames. However, hardware limitations of existing device may not
allow storing a frame buffer.

Another interesting line of work investigated social gaze from egocentric views. In particular,
Soo Park and Shi (2015) leveraged data from multiple egocentric views to reconstruct the 3D
scene and predict joint attention based on social formation. However, it assumes access to the
egocentric streams of all individuals in the scene during inference, which may not always be
feasible.

A related task is that of egocentric gaze anticipation first explored by Zhang et al. (2017). This
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Figure 2.8: The architecture from Yu et al. (2020) for learning view-invariant features. It uses
a triplet loss to maximize similarity between representations from corresponding ego-exo
frames, while minimizing similarity between representations from non-corresponding frames.

task aims to predict the egocentric gaze target in future frames. More recent work by Lai et al.
(2025) performed autoregressive egocentric gaze anticipation, leveraging single-channel audio
information for improved performance. Exploring the benefit of multi-channel audio, which
can provide spatial localization of the sound source, remains unexplored.

2.5 Ego-Exo Representation Learning

Despite significant progress in egocentric gaze estimation, models can still fail in scenes with
several plausible targets (e.g., multiple people clustered near the image centre). As discussed
in Research Objective 1.2.3, such ambiguity can potentially be resolved if third-person (exo)
gaze following information from surrounding actors is also available. For instance, when
several bystanders are simultaneously looking at the same external object.

However, research in bridging ego and exo views is relatively nascent, with existing studies
falling into two broad categories. The first centres on identity matching: models are trained
with contrastive objectives to align the embedding of the camera-wearer in the egocentric
view with the corresponding actor in a third-person view (Fan et al., 2017; Xu et al., 2018; Wen
et al., 2021). These methods essentially answer the question “Who in the room is holding the
camera?” and do not tackle gaze or other behavioural cues.

The second category aims to learn view-invariant features. Here egocentric and exocentric
clips that depict the same action are mapped to a shared latent space, encouraging cross-view
consistency (Sigurdsson et al., 2018; Yu et al., 2020; Xue and Grauman, 2023). The network
of Yu et al. (2020) (Figure 2.8), for example, shows that such alignment can benefit several
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Figure 2.9: CLIP (Radford et al., 2021) uses contrastive training to align image and text em-
beddings (1). At inference time, zero-shot classification is enabled by constructing a set of
text prompts (2), computing their embeddings, and selecting the one that has the highest
similarity with the image embedding (3).

downstream tasks, including coarse 3D gaze-angle prediction. However, they only considered
a single visible actor, so neither multi-person gaze following nor precise egocentric target
localisation is addressed.

Moreover, in all of these prior works the exocentric stream comes from a static third-person
camera; aligning an egocentric feed with another moving egocentric view—arguably the
more natural configuration for social interaction—remains largely unexplored and presents a
significantly harder problem.

2.6 Vision–Language Models

In Research Objective 1.2.1, we discussed exploiting recent Vision–Language Models (VLMs)
as a source of gaze relevant contextual cues for improving gaze estimation performance.
VLMs gained significant attention with the introduction of CLIP (Figure 2.9) (Radford et al.,
2021), which learns multi-modal representations from image–text pairs. CLIP demonstrated
impressive zero-shot performance across standard image classification tasks. Subsequent
models such as BLIP (Li et al., 2022) and BLIP-2 (Li et al., 2023a) introduced improvements
including additional training objectives, curated datasets, and better caption generation via
caption filtering. BLIP-2, in particular, combines a frozen image encoder with a Querying
Transformer (Q-Former), allowing for more nuanced visual representation learning.

These models have shown strong results even on video tasks like action recognition (Radford
et al., 2021) and text-to-video retrieval (Li et al., 2022), despite not explicitly modelling temporal
information. However, their ability to localise gaze-relevant actions or cues in images remains
largely unexplored.

Although some efforts have adapted image-based VLMs for video tasks, they face challenges.
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Figure 2.10: Shtedritski et al. (2023) explored visual prompting methods for VLMs, demonstrat-
ing that a red circle drawn over the area of interest provided the best results.

The limited availability of large-scale video–text datasets restricts generalisation (Xu et al.,
2021), and adapting image VLMs to video often reduces zero-shot performance (Wang et al.,
2021a; Ju et al., 2022). These models are also computationally demanding and less suited for
static gaze following datasets.

More recently, VLMs have integrated Large Language Models (LLMs) to generate textual out-
puts. LLMs demonstrate strong world-modelling abilities, including basic reasoning about
agents, beliefs, and actions (Andreas, 2022), as well as commonsense and mathematical
reasoning (Chowdhery et al., 2023). This suggests they could potentially capture complex
human–object and human–human relationships relevant to gaze estimation. VLMs have
also benefited from in-context learning (ICL) (Brown et al., 2020), where a few demonstra-
tions are provided at inference without modifying model weights. Recent VLMs leveraging
LLMs (Alayrac et al., 2022; Tsimpoukelli et al., 2021) show improved performance with ICL,
although whether these benefits extend to capturing gaze-related contextual cues remains an
open research question.

2.6.1 Visual and Textual Prompting

Extracting gaze relevent contextual cues using VLMs would require visual prompting to direct
the model to focus on the person of interest, as well as textual prompting to better describe
the specific cue to be extracted.

Shtedritski et al. (Shtedritski et al., 2023) explored visual prompting methods for CLIP, com-
paring cropping the area of interest to drawing a red ellipse around it. The latter performed
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better for keypoint localisation and referring expression comprehension, with further gains
when the background was blurred or greyed out. However, such approaches have not yet been
tested for action or cue recognition tasks.

On the textual side, the original CLIP paper (Radford et al., 2021) showed that prompt engi-
neering, such as using the format "a photo of a {label}", improved performance over using
simple label text alone (Russakovsky et al., 2015). Combining multiple prompts (ensembling)
further boosted results. More recent works (Zhou et al., 2022b,a) introduced learnable prompts
fine-tuned for specific tasks. While effective when adapted to task-specific data, this approach
does not support true zero-shot transfer and still lags behind manual prompt engineering
for unseen classes (Zhou et al., 2022a). Applying visual and textual prompting techniques to
gaze-related tasks remains a promising direction for future work.

2.7 Gaze Prediction Applications

In Section 1, we discussed the various applications of gaze estimation. However, as outlined in
Research Objective 1.2.5, this thesis focuses specifically on applications towards child-centric
settings, where understanding gaze behaviour is essential for studying social development and
supporting diagnostic processes. In particular, we focus on two areas where automatic gaze
estimation can provide valuable insights at scale: analyzing the components of joint attention
in naturalistic interactions and detecting social gaze signals relevant to Autism Spectrum
Disorder (ASD) diagnosis.

2.7.1 Analyzing the Components of Joint-Attention

Joint attention is an interactional framework defined by shared focus and interaction about a
third object or activity of interest (Bakeman and Adamson, 1984). Gaze behaviour is a central
component in joint attention, and variations in gaze patterns have been linked to differences
in learning outcomes (Abney et al., 2020).

Existing research on joint attention in child-centric settings has largely relied on specialised
eye-tracking equipment or manual coding, typically conducted in controlled environments.
Most studies constrain some aspect of the interaction—whether the identities of partici-
pants, the assigned tasks, or the physical setting. For example, Abney et al. (2020) studied
mother–infant dyads in a laboratory setting with a predefined set of toys and instructed free
play, a common design described as “naturalistic free-flowing interaction.” Similar dyadic
setups, typically involving mothers and infants, dominate both early studies (Bakeman and
Adamson, 1984; Tomasello and Farrar, 1986) and recent work (Suarez-Rivera et al., 2022),
despite findings that joint attention with fathers may contribute even more to vocabulary
growth (Ataman-Devrim et al., 2023).

While some studies vary the physical setting, including home environments (Tomasello and
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Figure 2.11: Several prior works on gaze applications have relied on specialized hardware
like eye-trackers or head-mounted cameras. Besides limiting scaling to wider populations,
this setup does not capture the point of regard and thus limits gaze analysis. This figure
illustrates the data capture setup from Chong et al. (2017). The examiner wears glasses with
an embedded camera that records the child.

Todd, 1983; Bakeman and Adamson, 1984; Suarez-Rivera et al., 2022), and a few extend to
diverse cultural and socio-economic contexts (Callaghan et al., 2011; Mastin and Vogt, 2016;
Abels, 2020; Bard et al., 2021), the field remains centred on prompted dyadic interactions, often
with mothers, during semi-structured free play. Research outcomes are known to be sensitive
to context (Tamis-LeMonda et al., 2017), and this narrow focus may limit the generalisability
of findings.

2.7.2 Detecting Signals for ASD Diagnosis

Gaze is a key behavioural signal in ASD diagnosis, and behaviours such as eye contact are
routinely evaluated by clinicians during diagnostic assessments (Edition, 2013).

As with joint attention studies, early work explored the use of eye-trackers to capture gaze
behaviours (Magrelli et al., 2013; Noris et al., 2012). However, eye tracking provides only the
point of regard within the observed image and does not directly reveal the semantics of the
gaze target—an essential piece of information for understanding higher-level social gaze
behaviours.

More recent studies have applied machine learning-based gaze prediction to ASD-related
tasks. Chong et al. (2017) developed a CNN-based method for detecting eye contact towards a
clinician from egocentric views, tested on data from autistic children. Their follow-up study
(Chong et al., 2020a) further correlated predicted eye contact in videos from BOSCC diagnostic
sessions (Grzadzinski et al., 2016) with social affect severity scores recorded during the same
BOSCC sessions, as well as ADOS-2 (Lord et al., 2012) sessions, finding a negative correlation.
However, both studies relied on specialised head-mounted cameras (see Figure 2.11) which
limits applicability.
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More recent work by Guo et al. (2023) predicted eye contact from third-person videos of autism
therapy sessions, with predictions improving the estimation of social visual behaviour scores.
Ahn et al. (2024) evaluated eye contact during ADOS-2 sessions and found that predicted eye
contact between child and parent negatively correlated with ADOS-2 social affect severity
scores, but this approach also required head-mounted cameras. Also, none of the above works
have attempted to consider gaze behaviours beyond eye-contact such as shared attention.

2.8 Conclusion

Across the areas reviewed in this chapter, gaze estimation has advanced considerably—from
early VFOA models requiring explicit scene knowledge to modern deep learning approaches
for gaze following, social gaze prediction, and egocentric gaze estimation. Yet, several key
limitations remain.

Existing methods often treat related tasks separately, missing opportunities for joint modelling
and contextual reasoning. Multimodal information, which could help disambiguate difficult
cases, is underutilised. Social gaze tasks have lacked unified frameworks that can scale to
multi-person, temporally dynamic scenes. In Chapters 5 and 6, we propose new architectures
that leverage multimodal information to improve gaze estimation performance and unify
gaze following and social gaze tasks into a single framework while incorporating temporal
information.

Moreover, while promising steps have been made toward ego–exo alignment, prior efforts have
not explored leveraging exocentric cues to improve egocentric gaze prediction. In Chapter 8
we propose novel self-supervised approaches for learning exocentric gaze representations to
improve egocentric gaze estimation.

In parallel, while recent advances in vision–language models (VLMs) and prompting strate-
gies offer promising tools for extracting contextual cues—such as pose, gestures, and social
interactions—their potential for improving gaze understanding remains largely unexplored.
We investigate different VLMs and prompting strategies for extracting these cues in Chapter 7,
and demonstrate improvements in cross-dataset gaze following performance.

Finally, although gaze-based tools show potential for real-world applications—particularly in
child-centric domains such as joint attention analysis and ASD diagnosis—most studies to
date rely on controlled environments or specialised equipment, limiting their scalability and
ecological validity. Our gaze models can be applied to arbitrary scenes, and we demonstrate
this in Chapter 9 by applying them to child-language acquisition settings.

24



3 Datasets

This chapter presents the datasets used for training and evaluating the models developed in
this thesis, spanning third-person gaze following, social gaze prediction, and egocentric gaze
estimation. In addition to presenting existing benchmarks, this chapter introduces several key
dataset contributions developed as part of this work:

• ChildPlay-audio, which extends the ChildPlay dataset (Tafasca et al., 2023b) with frame-
level speaking status annotations to enable multimodal gaze prediction;

• VSGaze, which unifies and extends annotations across multiple video datasets to sup-
port joint training and evaluation of gaze following and social gaze tasks (LAH, LAEO,
and SA);

• RLR-CHAT extensions, which augment the original dataset (Murdock et al., 2024; Yun
et al., 2024) with head identity matching and LAH annotations, facilitating the study of
ego–exo gaze alignment.

We provide a summary of the datasets in Table 3.1. The remainder of this chapter details
the datasets, the annotations developed, and the rationale for their use in the experiments
described in subsequent chapters.

3.1 Gaze Following

These datasets address the task of gaze following (Section 1.1.1) and are used for training and
evaluating the models presented in Chapters 5, 6, and 7.

3.1.1 GazeFollow

The GazeFollow dataset, introduced by Recasens et al. (2015), was the first large-scale dataset
created specifically for the gaze following task. It contains approximately 122,000 static images,
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Name Type Shows
(Clips)

Frames Samples Origin Annotations

Gaze Following Datasets
GazeFollow (Recasens
et al., 2015)

image - 122K 130K SUN, MS-COCO, Ima-
geNet, ...

eye location · gaze point · in-
side/outside

VAT (Chong et al., 2020b) video 50 (606) 71K 164K TV shows gaze point · inside/outside
DL Gaze (Lian et al., 2018) video 4 (86) 95K 6K Manual collection gaze point
GOO (Tomas et al., 2021) image - 201K 172K Manual collection

Synthetic
gaze point · gaze object · ob-
ject bbox

ChildPlay (Tafasca et al.,
2023b; Farkhondeh et al.,
2024)

video 95 (401) 120K 257K YouTube gaze point · gaze class ·
speaking status · HOI labels

Social Gaze Datasets
VideoCoAtt (Fan et al.,
2018)

video 20 (400) 493K 138K TV shows shared gaze object bbox

UCO-LAEO (Marin-
Jimenez et al., 2019)

video 4 (129) 18K 36K TV shows LAEO labels

AVA-LAEO (Marin-
Jimenez et al., 2019)

frames - 50K 172K Movies LAEO labels

Gaze Following and Social Gaze Datasets
VACATION (Fan et al.,
2019)

video 50 96K 164K TV Shows gaze object bbox · gaze com-
munication label

VSGaze (Gupta et al.,
2024b)

video 169
(1536)

700K 6M VAT, ChildPlay, Video-
CoAtt, UCO-LAEO

gaze point · inside/outside ·
LAH, LAEO, SA labels

Egocentric Gaze Datasets
Ego4D gaze (Lai et al.,
2023)

video 27 ª3M - Ego4D gaze point

RLR-CHAT (Murdock
et al., 2024; Yun et al.,
2024)

video 170 2.6M - Manual collection gaze point · multi-view ·
head identity · LAH labels

Table 3.1: Summary of gaze estimation datasets. All datasets other than Ego4D also provide
head bounding boxes.

most of which are annotated with a single person’s head bounding box and a corresponding
2D gaze target point. The images are sourced from a variety of public datasets, including
ImageNet (Russakovsky et al., 2015), COCO (Lin et al., 2014), Places (Zhou et al., 2014), Actions
40 (Yao et al., 2011), PASCAL (Everingham et al., 2010) and SUN (Xiao et al., 2010), offering
wide diversity in scenes and contexts.

The test set includes gaze point annotations provided by multiple annotators, offering a
measure of label variability. Later, Chong et al. (2018) extended the train split of the dataset by
adding annotations indicating whether a person’s gaze target lies inside or outside the image
frame.

Overall, GazeFollow features simpler scenes, where the annotated person is typically the one
whose gaze target is more clearly visible. Additionally, both the images and annotations are
of relatively lower quality compared to more recent datasets. Yet, it remains widely used due
to its diversity in scenes and settings. Its scale and variability make it especially valuable
for pre-training gaze following models before fine-tuning on more specific or higher-quality
datasets. We provide samples from the dataset in Figure 3.1.
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Figure 3.1: Samples from the GazeFollow test set (Recasens et al., 2015). GazeFollow is a
large-scale static dataset for gaze following. Despite lower quality images and annotations, it’s
rich diversity makes it a valuable dataset for pre-training.

Figure 3.2: Samples from the VideoAttentionTarget dataset (Chong et al., 2020b). It is a video
dataset for gaze following, featuring scenes from conversational settings such as TV shows
and movies. For this reason, faces commonly appear as gaze targets.

3.1.2 VideoAttentionTarget (VAT)

The VideoAttentionTarget dataset (Chong et al., 2020b) was the first video dataset created for
the gaze following task. It consists of 1,331 video clips collected from 50 television shows and
YouTube series, covering a broad range of everyday conversational settings.

Each clip is annotated with head bounding boxes, gaze points, and inside-versus-outside
frame gaze labels for a subset of people in the scene. The primary motivation for creating
this dataset was to extend gaze following beyond static images, enabling the study of gaze
behaviour in dynamic social interactions where temporal information and motion cues are
present.

Compared to GazeFollow, the resolution and overall quality of both the videos and annotations
are generally higher. Moreover, as the dataset focuses on conversational settings such as talk
shows, faces frequently appear as gaze targets (see Table 3.3). We provide samples from the
dataset in Figure 3.2.

3.1.3 ChildPlay

The ChildPlay dataset, introduced in our work Tafasca et al. (2023b), is the first publicly
available gaze following dataset focused on children interacting with other children and adults
in naturalistic settings. Existing child-centric gaze datasets are typically private (de Belen et al.,
2020) or limited to anonymized pose data, making it difficult to study gaze behaviour directly.
Others offer only coarse labels or are restricted to fixed lab environments (Billing et al., 2020;
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Figure 3.3: Samples from the ChildPlay dataset (Tafasca et al., 2023b). It features high quality
videos from YouTube of children playing and interacting with other children and adults. Given
the setting, children tend to look at nearby objects such their toys, while adults tend to observe
the children and their activities.

Rehg et al., 2013).

Other gaze benchmarks, such as GazeFollow and VideoAttentionTarget, predominantly feature
adults, and models trained on them can underperform when applied to children—as seen
in literature for body landmark estimation (Sciortino et al., 2017). Given the importance of
pose information in gaze prediction (Gupta et al., 2022; Belkada et al., 2021) and the known
differences in gaze behaviour between adults and children (Franchak et al., 2016), there is
a clear need for gaze-annotated datasets featuring younger age groups in general, everyday
settings.

ChildPlay contains 401 high quality clips from 95 YouTube videos, with annotations including
head bounding boxes, gaze points, and seven gaze classes covering inside/outside frame gaze,
gaze shifts, and related behaviours. Later (Farkhondeh et al., 2024) extended the dataset with
Human-Object Interaction (HOI) labels. Since the dataset focuses on child-play scenarios,
children tend to gaze at nearby objects such as toys, whereas adults are more likely to observe
the children and their activities. We provide samples from the dataset in Figure 3.3

3.1.4 Quality of Annotations

Annotating for gaze following can be challenging, especially when the eyes are not visible or
when there are several possible targets in the scene. In such cases, different annotators may
disagree on the correct gaze target. To account for this, GazeFollow provides annotations from
multiple people in its test set, while ChildPlay introduces a special "uncertain" gaze class that
annotators can choose for ambiguous cases.

In addition, GazeFollow, VideoAttentionTarget, and ChildPlay measure annotator agreement
by evaluating the performance of one annotator (used as a prediction) against another (used
as ground truth). This additionally provides an upper bound on human performance for each
dataset. The same metrics are used later for model evaluation, as discussed in Chapter 4.

On GazeFollow, human performance reaches an average distance of 0.096 and a minimum
distance of 0.040. Recent models are approaching these numbers, again highlighting the
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simpler nature of this dataset. For VideoAttentionTarget, human performance yields a distance
of 0.051 and an in-vs-out of frame AP of 0.925. On ChildPlay, humans achieve a distance of
0.048 and an in-vs-out of frame AP of 0.993. For these datasets, human performance remains
much better, especially for the distance metric. This reflects their higher complexity and shows
that there is still room for model improvement.

3.2 ChildPlay-audio

Previous studies on analyzing conversations during meetings have shown that people usu-
ally look at the other speaking participants (Stiefelhagen et al., 2002), and such cues can be
exploited for gaze target selection (Otsuka et al., 2005). Hence, we expect that identifying
speaking persons can provide better scene understanding for gaze following, and help recog-
nize attentiveness towards people, especially speakers. The latter is especially important in
autism diagnosis, as eye contact is closely monitored by the clinician when they call out to the
tested child (Lord et al., 2012).

Given the importance of having joint speaking and gaze information especially regarding
children, we extended the ChildPlay gaze dataset (Tafasca et al., 2023b) with speaking status
annotations. We leverage this dataset in Chapter 6 for training and evaluating models.

3.2.1 Annotation Protocol

We mark the speaking status for every gaze annotated person in ChildPlay. It is defined by a
set of 5 non-overlapping labels:

• Speaking: the person is very likely speaking;
• Not-speaking: the person is very likely not speaking;
• Vocalizing: the person is very likely making a sound with their mouth (ex. to draw

attention);
• Laughing: the person is very likely laughing (this does not include smiling);
• Not-annotated: the status cannot be inferred.

Note that in some sequences, the person’s face may be occluded or the audio may not match-
ing with the video (ex. in the case of voice-overs). Nevertheless, it is still often possible to
estimate the speaking status based on head dynamics and and gaze (of others), similar to
when annotating for gaze following. Hence, we ask annotators to mark the speaking status
when it very likely a particular label, otherwise the ’Not-annotated’ label has to be selected.

3.2.2 Annotation Statistics

They are given in Figure 3.4. We observe that children mostly do not speak, while adults are
more balanced between speaking and not speaking. This makes sense as ChildPlay clips
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Figure 3.4: Annotation statistics and samples for ChildPlay-audio.

Method AVA-activespeaker (Roth
et al., 2020)

ChildPlay-audio

random 25.06 26.66
SPELL (Min et al., 2022) 85.30 56.81

Table 3.2: mAP for active speaker detection on AVA-activespeaker and ChildPlay-audio using a
SoTA method (Min et al., 2022).

mainly contain children focused on their play activities, with adults supervising them. We also
compute the percentage of cases when a speaking person1 is looked at by any of the annotated
people. The statistics indicate that both children and adults are more likely to be looked
at when speaking. However, it is worth noting that adults are not looked at much overall,
as clips mostly contain a single adult and the children are focused on their play activities.
This is in contrast to meeting situations where the speaking person is looked at most of the
time (Stiefelhagen et al., 2002).

3.2.3 Speaking Status Prediction

We re-trained a state of the art model for active speaker detection (Min et al., 2022) using
the visual-only modality on the large-scale AVA-activespeaker benchmark (Roth et al., 2020).
Table 3.2 provides prediction results of the model on the AVA and ChildPlay test sets. We see
that while the model performs well on AVA, it does not generalize well to ChildPlay, which
indicates the challenge of detecting speech in natural scenes with children, and the potential of
ChildPlay-audio as a challenging new benchmark for speaking status prediction, as it contains
significantly different settings in terms of people (children), poses (sitting) and environments

1Here onward, ’speaking’ includes the speaking, laughing and vocalizing labels.
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Figure 3.5: Samples from the UCO-LAEO dataset (Marin-Jimenez et al., 2019). The dataset
features high-quality frames from four TV shows with pairwise LAEO (Looking At Each Other)
annotations. As most scenes involve only two people, it does not require complex social
reasoning.

(schools, daycare centers).

3.3 Social Gaze Prediction

These datasets address the tasks of Looking at Each Other (LAEO) and Shared Attention (SA)
(see Section 1.1.2), and are used for training and evaluating models in Chapter 6. While no
dataset exists for LAH, we extend existing gaze datasets with LAH labels using the protocol
described in Section 3.4.

3.3.1 UCO-LAEO

The UCO-LAEO dataset (Marin-Jimenez et al., 2019) was developed for the task of detecting
whether two people in a video frame are LAEO. The dataset contains 22,398 high-quality
frames sourced from four TV shows, covering a variety of conversational and social scenarios.

Unlike prior datasets (Marin-Jimenez et al., 2014), UCO-LAEO provides frame-level annota-
tions including head bounding boxes and binary LAEO labels for all possible head pairs. We
additionally used a head detector (Jocher et al., 2022) to predict the head bounding boxes of
people in "negative" videos (i.e. without positive LAEO instances) that are provided without
head annotations.

The dataset primarily focuses on scenes involving two people, which simplifies the task and
reduces the need for social interaction reasoning. We provide samples from the dataset in
Figure 3.5.

3.3.2 VideoCoAtt

VideoCoAtt (Fan et al., 2018) was the first publicly available dataset to provide shared attention
annotations in unconstrained, real-world video data. It contains 380 videos (approximately
492,000 frames) collected from TV shows, covering diverse group interaction settings.

When shared attention occurs (approximately 140,000 frames), the relevant frames are anno-
tated with the bounding box of the shared target object and the head bounding boxes of the
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Figure 3.6: Samples from the VideoCoAtt dataset (Fan et al., 2018). This large-scale dataset
comprises frames from TV shows annotated for shared attention. The frames are typically
lower in resolution.

individuals involved in the SA event. Since we also need negative instances, we run a head
detector (Jocher et al., 2022) to identify other people in the scene that are not sharing attention.
Any pair containing at least one of such people is automatically labeled as a negative instance.

Unlike UCO-LAEO, VideoCoAtt includes a wider variety of group sizes but is generally lower in
resolution. We provide samples from the dataset in Figure 3.6.

3.4 VSGaze

A limitation of the above datasets is that they only contain annotations for either gaze following
or specific social gaze tasks, but not both. To address this, we introduced the Video dataset
with Social gaze and Gaze following annotations, or VSGaze, in our paper (Gupta et al., 2024b).
Samples from the dataset are provided in Figure 3.7 and experiments are detailed in Chapter 6.

VSGaze extends head track annotations and unifies annotation types across VideoAttention-
Target, ChildPlay, VideoCoAtt, and UCO-LAEO. This enables joint training of temporal gaze
following and social gaze models and supports the development of new tasks and metrics for
evaluating performance across the component datasets. Note that we also extend GazeFollow
with LAH annotations as described below, but it is not considered part of VSGaze due to being
a static dataset.

3.4.1 Extending Head Track Annotations

Since each dataset contains annotations for only a subset of people in the scene, we detect all
missing heads using a pre-trained Yolov5 head detection model (Jocher et al., 2022), and track
them using the ByteTrack algorithm (Zhang et al., 2022). We manually verified the accuracy of
the obtained tracks. This step is essential for identifying both positive and negative social gaze
pairs. For example, consider a scene with three people, i , j , and k, where i is looking at j . If
only i is annotated, the positive LAH pair i ! j would be missed, as would the negative LAH
pair i ! k.
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Figure 3.7: Samples from the VSGaze dataset. VSGaze unifies and extends annotation types
across multiple gaze datasets, resulting in the largest and most diverse resource of its kind. It
spans a wide range of scenes—from TV shows and movies to childcare environments—and
includes annotations for both gaze following and social gaze behaviors (LAH, LAEO, SA). For
each individual, the predicted social gaze relations are listed alongside the corresponding
person IDs (e.g., in the middle column, Person 1 shares attention with Person 3).

3.4.2 Unifying Gaze Following and Social Gaze Annotations

Given the extended set of head bounding box annotations, along with existing gaze following
and social gaze annotations, we process these labels to generate unified gaze following and
social gaze labels for the tasks of Looking at Heads (LAH), Looking at Each Other (LAEO), and
Shared Attention (SA), as described in Section 1.1, across all datasets.

Gaze target points. For VideoAttentionTarget and ChildPlay, we use the annotated gaze points.
For people sharing attention in VideoCoAtt, we compute their gaze points as the centre of
the SA object’s bounding box. Similarly, for person pairs labelled LAEO in UCO-LAEO, we
compute their gaze points as the centre of the other person’s head bounding box.

LAH. We generate LAH annotations for all datasets. We check whether the gaze point for an
annotated person falls inside another person’s head bounding box. For the GazeFollow test set,
at least two of the annotated gaze points must fall inside another person’s head bounding box.

LAEO. We use the provided annotations for UCO-LAEO. For VideoAttentionTarget and Child-
Play, we generate LAEO annotations using the LAH annotations by checking whether the LAH
target for a pair of people corresponds to the other person. LAEO annotations cannot be
generated for GazeFollow, since most images are annotated for only a single person, or for
VideoCoAtt, where individuals acting as SA targets are typically not annotated with their own
gaze targets.

SA. We use the provided annotations for VideoCoAtt. For VideoAttentionTarget and ChildPlay,
we generate new SA annotations from the LAH annotations by checking whether two people
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Dataset Gaze Points LAH LAEO SA

GazeFollow (Recasens et al., 2017) 118k 27k/493k 0 0

VideoAttentionTarget (Chong et al., 2020b) 109k 74k/729k 13k/461k 16k/94k
ChildPlay (Tafasca et al., 2023b) 217k 59k/682k 7k/351k 4k/55k
VideoCoAtt (Fan et al., 2018) 367k 290k/1551k 0 400k/918k
UCO-LAEO (Marin-Jimenez et al., 2019) 21k 21k/36k 10k/54k 0
VSGaze 714k 444k/2998k 30k/866k 420k/1067k

Table 3.3: Person-wise gaze point and pair-wise social gaze annotation (positive/negative)
statistics for our datasets. VSGaze unifies annotation types across VAT, ChildPlay, VideoCoatt
and UCO-LAEO.

share attention to the same third person. SA annotations cannot be obtained for GazeFollow,
where most images are annotated for only a single person, or for UCO-LAEO, where pairs
annotated with LAEO cannot also be sharing attention.

3.4.3 Annotation statistics

Annotation statistics are summarised in Table 3.3. Overall, VideoCoAtt provides the largest
number of annotations, except for LAEO. As expected, the pairwise annotations are skewed
towards negative cases. The statistics also offer insight into the content of the datasets. Since
VideoAttentionTarget, VideoCoAtt, and UCO-LAEO contain clips from TV shows, they include
many more instances of people looking at each other or at others. In contrast, for ChildPlay,
LAH primarily occurs when the supervising adult looks at a child, and there are relatively few
instances of LAEO.

3.5 Egocentric Gaze Estimation

These datasets address the task of egocentric gaze estimation (Section 1.1.3) and are used for
training and evaluating the models in Chapter 8.

3.5.1 RLR-CHAT

The Reality Labs Research Conversations for Hearing Augmentation Technology (RLR-CHAT)
dataset (Murdock et al., 2024; Yun et al., 2024) is a large-scale collection of egocentric multi-
sensory recordings captured from individuals engaging in natural conversations. Each conver-
sation session is approximately one hour in duration and is recorded using Aria glasses (Engel
et al., 2023), which capture RGB frames at 5Hz, 7-channel spatial audio at 48kHz, and eye-
tracking data at 30Hz, among other modalities. To maximize visual diversity, we subsample
RGB frames by selecting every third frame and align them with the nearest eye-tracking an-
notations in time. The distribution of session sizes by number of participants is illustrated
in Figure 3.8. The dataset contains a total of 170 sessions, the majority of which involve two
participants.
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Figure 3.8: RLR-CHAT session distribution by number of people.

A distinctive feature of RLR-CHAT is the synchronized availability of modalities from all
participants within the conversation. This synchronization uniquely enables the exploration
of ego-exo alignment techniques to learn richer gaze representations. To our knowledge, the
only comparable accessible dataset is the Aria Everyday Activities dataset (Lv et al., 2024),
which is significantly smaller and primarily focuses on single-person activities.

We augment RLR-CHAT by incorporating head bounding box detections and automatically
assigning identities to these boxes using spatial audio cues, as detailed in the next section. The
test set includes manually corrected head bounding boxes and high-quality, OptiTrack-based
head identity matching.

Obtaining Head Box Identities. To reliably identify the head bounding boxes of individuals
visible in a participant’s field of view (FoV), we leverage a pre-trained MAV-ASL model (Jiang
et al., 2022) to obtain active speaker heatmaps for each egocentric image frame. The MAV-ASL
model produces two types of heatmaps: one that indicates the direction of the active speaker
over a full 360-degree span, and another that provides the 2D location of the active speaker
when present in the FoV. Both heatmaps are initially computed in a head-locked coordinate
system.

We begin by utilizing the directional heatmap and converting it into world-locked coordinates
with the help of SLAM data. By processing 5000 frames per participant, we compute the
average world-locked location of the other participants in the conversation. For each frame,
these average locations are then transformed back into the head-locked FoV coordinate
system.

Subsequently, we match the detected head bounding boxes to these averaged locations by
selecting the nearest match within a threshold of 200 pixels. Although this thresholding
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Figure 3.9: Overall pipeline for identifying head bounding boxes. We first obtain the average
locations of other participants (white dots) in the conversation in 360 degrees world-locked
coordinates. These are then mapped to the head-locked FoV coordinates and matched to the
nearest head bounding box within a threshold.

Split Number of Frames
LAH Pairs

Positive Negative

Train 1848555 273464 1107699
Validation 448173 77914 309426
Test 385039 36361 351216

Table 3.4: RLR-CHAT number of frames and LAH statistics.

process means that not all head bounding boxes are assigned an identity, the matches that are
made have been verified to be of high quality. The overall pipeline is illustrated in Figure 3.9.

Obtaining LAH Annotations. By leveraging these identity-aligned head bounding boxes
alongside eye-tracking annotations, we first determine if person A is looking at person B from
A’s egocentric perspective. This information is then mapped to another person’s viewpoint
(e.g., person C) to obtain exocentric annotations indicating whether person A is looking at the
head of person B. This annotation process is applied to all pairs of individuals present in the
scene. The resulting LAH statistics are summarized in Table 3.4.

3.5.2 Ego4D Gaze

Ego4D (Grauman et al., 2022) is a large-scale, publicly available egocentric dataset that cap-
tures individuals performing daily life activities. We use the subset with gaze annotations
introduced by Lai et al. (Lai et al., 2023), which consists of 27 approximately hour-long videos
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Figure 3.10: Samples from the Ego4D gaze (Lai et al., 2023) dataset. It features videos of
people engaged in social interactions like playing board games. Despite the focus on social
settings like RLR-CHAT, key differences include a narrower field of view, greater environmental
diversity, and fewer gaze instances directed toward faces.

featuring 80 participants engaged in social interactions such as playing board games.

A key distinction of Ego4D compared to other datasets, such as EGTEA Gaze (Li et al., 2018) and
Aria (Lv et al., 2024), is that those datasets primarily focus on single-person activities. Since
Ego4D emphasizes social settings, it is better suited for evaluating improvements derived from
learning exocentric gaze representations.

However, despite the focus on social settings in both RLR-CHAT and Ego4D, a significant
domain gap remains between the datasets. Ego4D videos have a smaller FoV and contain
much more diverse environments. Furthermore, as participants are often engaged in playing
games rather than conversation, gaze points tend to fall less frequently on faces. We provide
samples from the dataset in Figure 3.10.

3.6 Conclusion

This chapter has presented the datasets used throughout the thesis, covering third-person
gaze following, social gaze prediction, and egocentric gaze estimation. In addition to lever-
aging existing benchmarks, we contributed several new resources: ChildPlay-audio, which
provides multimodal annotations for child-centric gaze prediction; VSGaze, which unifies gaze
following and social gaze annotations across multiple datasets; and extended annotations for
RLR-CHAT, enabling identity assignment and ego–exo alignment.

Together, these datasets support the unified, multimodal, and self-supervised models devel-
oped in the following chapters and enable semantic evaluation.
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This chapter presents the evaluation metrics and protocols used to assess model performance
across the three core tasks addressed in this thesis: gaze following, social gaze prediction, and
egocentric gaze estimation. These metrics are computed at the frame-level. Our contributions
in this context include:

• Semantic metrics for gaze following: To complement standard distance and heatmap-
based metrics, we introduce social gaze metrics that measure whether gaze predictions
align with meaningful social targets and interactions. These metrics provide a semanti-
cally grounded assessment of gaze following performance.

• New protocols for social gaze prediction: We define evaluation procedures for our
addressed social gaze tasks using both post-processed gaze following predictions and
direct decoder outputs. In particular, our updated protocol for Shared Attention resolves
key issues in prior work (see Section 2.3.2), such as identifying multiple shared attention
groups and specifying which individuals are involved.

• Gaze following inspired metrics for egocentric gaze: We extend gaze point and social
gaze based evaluation to egocentric settings, providing interpretable, socially relevant
alternatives to conventional heatmap-based metrics.

Together, these metrics enable fine-grained evaluation of model performance, capturing
not only spatial accuracy but also socially and semantically grounded behaviour in both
third-person and egocentric gaze estimation tasks.

4.1 Gaze Following

This section provides an overview of the metrics and protocols used to evaluate gaze following
performance. As described in Section 2.2, typical gaze following architectures—including
those proposed in this thesis—predict a heatmap over the scene that highlights potential gaze
targets. This predicted heatmap is then processed to compute evaluation metrics.
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Figure 4.1: Illustration of the distance metric defined in Section 4.1.1. The green ellipse
represents the points that lie within an distance of 0.1 from the ground truth gaze point (red).

4.1.1 Gaze Point

Distance. Following the protocol of Recasens et al. (2015), we compute the distance between
the predicted and ground truth gaze points. The predicted gaze point is obtained by taking
the arg max of the predicted gaze heatmap. We then calculate the L2 distance between this
predicted point and the ground truth gaze point on a 1£1 normalized square, resulting in
values ranging from 0 to

p
2. Figure 4.1 illustrates the region corresponding to a distance of 0.1

from the ground truth gaze point.

Since GazeFollow (Recasens et al., 2015) includes multiple annotations per person in the test
set, we additionally report:

• Minimum Distance: the distance of the predicted gaze point to the closest annotated
gaze point, reflecting whether the model aligns with any plausible target.

• Average Distance: the distance of the predicted gaze point to the average of all annotated
gaze points, reflecting agreement with the overall annotator consensus.

It is worth noting that the Average Distance metric may be unreliable in scenes where the
annotated gaze points are widely dispersed across the image, as the computed average can
then fall at a location that does not correspond to any plausible gaze target.

4.1.2 Heatmap

AUC (per Recasens et al. (2015)). Distance-based metrics rely on the arg max of the heatmap
and may overlook cases where the predicted heatmap is multimodal—often a reflection of the
model’s uncertainty about the target. To account for this, and to compare against annotator
uncertainty, Recasens et al. (2015) introduced an AUC (Area Under the Curve) metric. Here,
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Figure 4.2: The heatmap metric for gaze following proposed by Chong et al. (2020b), and by Li
et al. (2018) for egocentric gaze estimation, compares the predicted heatmap to a binarized
ground truth heatmap at the pixel level. However, the binarization threshold is arbitrary and,
in the case of Chong et al. (2020b), results in an overly large positive region. This setup also
penalizes multimodal predictions when they fall outside this region. Moreover, the metric is
difficult to interpret and lacks a clear correspondence to meaningful spatial or semantic error,
which limits its utility. For these reasons, we do not compute this metric in our later works.

the predicted heatmap is compared against a binary ground truth map, which assigns a value
of 1 to the annotated gaze locations and 0 elsewhere. The AUC is then computed as the area
under the resulting ROC curve.

AUC (per Chong et al. (2020b)). The VideoAttentionTarget dataset (Chong et al., 2020b)
contains only a single gaze point annotation per person, even in the test set. Therefore, the
original AUC protocol from Recasens et al. (2015) cannot be applied. Instead, Chong et al.
(2020b) proposed an alternative AUC protocol. In this version, the predicted heatmap is
compared against a binarized ground truth heatmap (created by thresholding the ground
truth heatmap), and the area under the ROC curve is computed. We provide an illustration of
the protocol in Figure 4.2.

However, this variant has several limitations. First, the choice of threshold for binarizing the
ground truth heatmap is arbitrary. In practice, the originally proposed threshold creates a large
positive region, which penalizes more precise heatmap predictions. Second, while this AUC
variant can account for non-maximal heatmaps (which distance metrics cannot), it would still
penalize multimodal predictions outside the positive region, and hence does not effectively
capture gaze target uncertainty unlike the original formulation. For these reasons, we do not
report this metric in our later works.

More generally, both AUC formulations can be difficult to interpret compared to the dis-
tance metric, which directly translates to an average pixel error. Additionally, given the class
imbalance between positive and negative regions in the heatmap, AUC scores tend to overesti-
mate performance and may saturate—a trend also observed in egocentric gaze estimation
research (Lai et al., 2023).
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Figure 4.3: Standard gaze following metrics, such as the distance metric, assign the same
error to both Pred1 and Pred2. However, Pred2 is a better prediction, as it falls on the same
semantic target (the child’s head). In contrast, our proposed social gaze metrics account for
head-related semantics.

4.1.3 In-Out

The In-Out metric, proposed by Chong et al. (2020b), evaluates whether the model correctly
predicts whether the gaze target lies inside or outside the image frame. Performance is
measured using Average Precision (AP), comparing the predicted in-out score with the corre-
sponding ground truth binary label.

4.2 Social Gaze Prediction

This section describes the protocols and metrics used to evaluate performance on the social
gaze tasks addressed in this thesis: looking at each other (LAEO), shared attention (SA), and
looking at heads (LAH). These metrics apply both to post-processed gaze following predictions
and to explicit social gaze labels produced by task-specific decoders.

4.2.1 Post-processing

The gaze following metrics discussed previously capture the spatial location of the predicted
gaze point but do not account for its semantic meaning. As illustrated in Figure 4.3, two
predicted gaze points, Pred1 and Pred2, would receive the same error according to the distance
metric. However, Pred2 is clearly a better prediction, as it lies on the same semantic target
(the child’s head). Our social gaze metrics incorporate head-related semantics and represent
a step toward more meaningful, semantic evaluation. As we demonstrate in later chapters
(see chapters 5, 6), these metrics do not always correlate with standard gaze following metrics,
highlighting their value as complementary indicators of model performance.
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LAH. We determine whether the predicted and ground truth gaze points fall inside a head
bounding box. To compute performance, we have employed different protocols:

• P.Head; Tafasca et al. (2023b): We assessed whether predictions generally captured
looks towards faces. A true positive was recorded when both the predicted and ground
truth gaze points fell inside any head bounding box. A false positive occurred when the
ground truth gaze point fell inside a head box, but the prediction did not. Precision was
then computed from these values.

• LAH; Gupta et al. (2024a,b): We refined the protocol to determine whether the pre-
diction captured gaze toward the same head as the ground truth, using the following
definitions:

– True Positive: Predicted and ground truth gaze points fall in the same head box.
– False Positive: Predicted gaze point falls in a head box, but ground truth does not.
– False Negative: Ground truth gaze point falls in a head box, but predicted gaze

point does not, or falls on a different head or object.
– True Negative: Neither predicted nor ground truth gaze points fall in a head box.

From these values, we compute precision, recall, and F1 scores.

LAEO. For each pair of people, we check whether their gaze points fall within each other’s head
bounding box. If so, it is counted as a positive instance; otherwise, it is considered negative.
This process is applied to both the ground truth and predicted gaze points, and precision,
recall, and F1 scores are computed accordingly.

SA. For each pair of people, we evaluate whether their gaze points fall within a specified
distance threshold of each other. If so, the instance is considered positive; otherwise, it is
negative. We repeat this process across a range of thresholds and compare the predictions to
the ground truth to compute an AP score.

For SA, we additionally report two metrics that quantify shared attention target localization
performance:

• Distance: Similar to the gaze following distance metric, this is the L2 distance (computed
on a 1£1 normalized square) between the average of the predicted gaze points of all
individuals involved in a shared attention instance (as defined by the ground truth), and
the center of the ground truth bounding box of the shared attention target.

• Accuracy: The proportion of shared attention instances where the average predicted gaze
point falls within the ground truth target bounding box. To account for near-boundary
predictions, we expand the bounding box by 5% on each side.

It is important to note that, unlike previous works (Fan et al., 2018; Chong et al., 2020b; Tu
et al., 2022), which compute these metrics on a per-frame basis, we evaluate them per shared
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Figure 4.4: An example of social gaze inference. For each individual (right), the predicted social
gaze relations are listed alongside the corresponding person IDs (e.g., Person 2 shares attention
with Person 3). To obtain LAH, we post-process the predicted gaze point to determine whether
it falls within another person’s head bounding box; for LAEO, we perform the same check in
both directions. For SA, we use the pairwise scores predicted by the decoder (left) and classify
pairs as positive instances if the score exceeds a predefined threshold (here 0.5).

attention instance. Additionally, our distance metric is normalized assuming an image size of
1£1.

4.2.2 Task-Specific Decoders

In Chapter 6, we introduce methods that directly predict pairwise scores for each social gaze
task using task-specific decoders. These predicted scores are denoted as:

• LAH: ei! j , representing whether person i is looking at person j .
• LAEO: ei$ j , representing mutual gaze between persons i and j .
• SA: ci , j , representing whether persons i and j share attention.

We provide an example of these pairwise predictions in Figure 4.4. To evaluate these predic-
tions, we adopt the following protocols, introduced in Gupta et al. (2024a,b).

LAH. Each sample corresponds to an individual person i . At inference, for each possible
pair (i , j ), we compute the predicted LAH score ei! j and select the person ĵ with the highest
predicted score:

ĵ = argmax
j

,ei! j . (4.1)

For a ground truth positive case, the prediction is counted as a true positive if ĵ matches the
ground truth target and ei! ĵ exceeds the specified threshold. Otherwise, it is a false negative.
For ground truth negatives, the prediction is a true negative if ei! ĵ is below the threshold;
otherwise, it is a false positive. Using these values, we compute either AP and AUC scores
across different thresholds, or F1 scores at a fixed threshold.
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LAEO. Each sample corresponds to a pair of people (i , j ). For each person i , we select ĵ with
the highest predicted LAEO score:

ĵ = argmax
j

ei$ j . (4.2)

We then set ei$ j = 0 for all j 6= ĵ before computing performance metrics. This procedure is
applied symmetrically for both i and j . Using these values, we compute either AP and AUC
scores across different thresholds, or F1 scores at a fixed threshold.

SA. Each sample corresponds to a pair of people (i , j ). We compute AP and AUC scores by
thresholding the predicted scores ci , j at varying levels.

4.3 Egocentric Gaze Estimation

This section describes the protocols and metrics used to evaluate egocentric gaze estima-
tion performance. Like gaze following methods, typical architectures for egocentric gaze
estimation—including those proposed in this thesis—predict a heatmap over the scene that
highlights potential gaze targets. This predicted heatmap is then processed to compute
evaluation metrics.

4.3.1 Heatmap

The heatmap-based metric, introduced by Li et al. (2018), directly compares the predicted and
ground truth heatmaps at the pixel level. As with the AUC metric proposed by Chong et al.
(2020b) (see Section 4.1.2), the ground truth heatmap is first binarized using a fixed threshold.
However, unlike AUC, where the continuous predicted heatmap is compared directly to the
binary ground truth, the predicted heatmap is also binarized in this case.

Following the implementation of Lai et al. (2023), a range of thresholds is applied to the
predicted heatmap. The binarized predicted and ground truth heatmaps are then compared
to compute precision, recall, and F1 scores for each threshold. The threshold yielding the best
F1 score across the test samples is selected for final reporting.

As with the AUC metric discussed earlier, this heatmap metric is highly sensitive to the choice
of binarization thresholds. It is also difficult to interpret and, importantly, does not account
for semantic information about the gaze target.

4.3.2 Gaze Point

We propose two evaluation protocols inspired by gaze following—drawing from both prior
literature and our own contributions.
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Distance. We follow the protocol described above in Section 4.1.1 to compute the L2 distance
between the predicted and ground truth gaze points on a normalized 1£1 square.

LAH. This semantic metric evaluates whether the predicted and ground truth gaze points fall
within the head bounding boxes of other people in the scene. It is particularly valuable for
egocentric gaze estimation in social settings—such as conversations—where gaze directed at
other people’s heads is both a common behaviour and a meaningful indicator of attention
and engagement.

We follow the protocol introduced in Gupta et al. (2024a,b), as described in Section 4.2.1, to
compute LAH performance. A true positive is recorded when both the predicted and ground
truth gaze points fall on the same head bounding box. Precision, recall, and F1 scores are then
computed across all data points.

4.4 Conclusion

In this chapter, we presented the evaluation metrics and protocols used for gaze following,
social gaze prediction, and egocentric gaze estimation. We introduced social gaze metrics that
extend standard gaze following evaluation by providing semantic interpretation of predicted
gaze targets. These include LAH, LAEO, and SA, applied as post-processing metrics to assess
whether gaze predictions correspond to socially meaningful targets and interactions.

We also proposed new evaluation protocols for social gaze prediction tasks, including an
updated SA protocol that addresses key limitations of prior methods by enabling pairwise
evaluation and handling multiple SA groups within a frame. For egocentric gaze estimation,
we introduced gaze following inspired metrics, including distance and LAH, to complement
conventional heatmap comparisons with semantically meaningful evaluation.

Together, these metrics offer deeper insight into model behaviour and error patterns, and were
instrumental in guiding the development of the methods presented in the following chapters.
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Gaze following—the task of predicting where a person is looking within a scene—is a fun-
damental component of social perception and visual understanding. Accurately predicting
someone’s gaze target requires reasoning about a multitude of contextual cues (see Sec-
tion 1.1.1). As early methods relied exclusively on RGB input (Recasens et al., 2015; Chong
et al., 2020b; Lian et al., 2018), the limited size of available datasets may restrict the model’s
ability to implicitly learn all the relevant cues necessary to solve the task effectively.

In this chapter, we investigate how additional modalities such as depth and body pose can be
explicitly leveraged to improve gaze prediction. We propose two models: the first, published in
Gupta et al. (2022), introduces a modular multimodal framework that integrates RGB, depth,
and pose cues, and can optionally operate in privacy-sensitive settings using only anonymized
modalities. The second, published in Tafasca et al. (2023b), builds on this work by introducing
a geometrically grounded method that constructs a 3D Field of View (3DFoV) from predicted
gaze direction and a geometrically-consistent point cloud, enabling improved reasoning about
visibility in 3D space.

The main contributions are:

• A multimodal architecture that fuses RGB, depth, and pose signals using an attention
mechanism, achieving state-of-the-art performance on public benchmarks and sup-
porting privacy-aware inference using only depth and pose (Section 5.1).

• A 3DFoV-based model that combines predicted gaze direction with geometry-preserving
depth to highlight visible regions of the scene in 3D, also achieving state-of-the-art
results and improving cross-dataset generalization (Section 5.2).

• A comprehensive evaluation across multiple datasets, including GazeFollow, VideoAtten-
tionTarget, and the newly introduced ChildPlay dataset, demonstrating the importance
of multimodal cues for improved performance.

• An analysis of semantic gaze behaviour, more specifically gaze toward other people’s
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heads, showing that it can capture complementary information to standard metrics.

5.1 Multimodal Gaze Target Prediction

In Gupta et al. (2022), we study the use of explicit depth and pose information to improve gaze
target inference, as illustrated in Figure 5.1.

Depth provides the model with cues about object shapes and overall 3D scene structure. It
helps disambiguate whether a person is looking at a foreground or background object and
resolves ambiguities along the line of sight when the predicted gaze and scene geometry
are inconsistent. Pose, meanwhile, offers accurate localization of body parts related to at-
tention—such as the head and hands—which are common gaze targets in interactive and
manipulation contexts. Additionally, pose encodes physical state and activity, providing
further context to constrain likely gaze targets.

In privacy-sensitive scenarios, using raw RGB images can be problematic due to the presence
of identifiable facial information—at both training and inference time. This is especially true
for applications in health and surveillance. For instance, reduced eye contact and shared
attention have been identified as early indicators of autism in children (Zwaigenbaum et al.,
2019), but due to privacy constraints, raw videos from diagnostic sessions are typically not
publicly available—even with facial blurring. In contrast, pose and depth data are inherently
anonymized and more amenable to sharing. To address this, we develop models that operate
solely on depth and pose and evaluate their performance against multimodal and RGB-only
baselines.

Beyond modality fusion, we also study key technical aspects of model architecture. First, we
examine the role of feature resolution. Gaze target localization is a dense prediction task,
similar to pose estimation, where the output is a heatmap indicating the likelihood of each
pixel being the gaze target. Many existing models (Lian et al., 2018; Chong et al., 2020b; Fang
et al., 2021) rely on ResNet-style backbones that downsample spatial resolution considerably
before upsampling, potentially losing important spatial detail. We instead adopt a Feature
Pyramid Network (FPN) (Lin et al., 2017) architecture, which incorporates skip connections
during upsampling to preserve spatial precision and improve localization accuracy.

Second, we examine fusion strategies. In many gaze models, gaze-related features are fused
with the image early in the pipeline, requiring the full image to be processed for each person.
We evaluate whether a late fusion approach—where gaze information is merged with interme-
diate feature maps—can achieve similar performance. Our findings indicate that early fusion
remains more effective in this setting.

Approach and Contributions. We address the task of gaze target localization and make the
following contributions:

• We propose a modular, multimodal gaze prediction architecture that integrates RGB,
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5.1 Multimodal Gaze Target Prediction

Figure 5.1: Sample cases where depth and pose information can improve gaze target inference.
Left: pose cues indicate interaction, while depth helps ignore salient background distractors.
Middle: manipulation activities benefit from hand localization. Right: depth allows disam-
biguation between potential face targets in the background.

depth, and pose via an attention-based fusion scheme and supports end-to-end training.
• We evaluate the use of only pose and depth inputs, demonstrating competitive perfor-

mance in privacy-sensitive scenarios where RGB is unavailable or unsuitable.
• We adopt a Feature Pyramid Network for dense regression and show that preserving

spatial resolution is important for accurate gaze heatmap prediction.

We conduct experiments on the GazeFollow (Recasens et al., 2017) and VideoAttentionTar-
get (Chong et al., 2020b) benchmarks. Our model achieves state-of-the-art results using all
modalities and demonstrates strong performance even when trained on anonymized inputs,
supporting its use in privacy-sensitive applications.

5.1.1 Method

An overview of our system is illustrated in Figure 5.2. It takes as input an image or a video
frame, a set of derived modality images, and the head bounding box of a target person. The
output is a gaze heatmap H where the location of the maximum value corresponds to the
desired gaze point prediction.

Our network architecture consists of 3 modules. The first one is a Human-Centric module
whose goal is, given the head crop of a person, to predict a gaze cone representing their visual
field of view, i.e., the set of pixel locations where the person might be looking. The second
one is a Scene-Centric module which is fed the image, the person’s location (head mask), and
the gaze cone in order to generate a feature saliency map F highlighting possible gaze target
locations. The last one is a Prediction module comprising two heads: one for inferring the
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Figure 5.2: Given an input image and a target subject’s head location, we first extract depth and
pose maps from the image using off-the-shelf pre-trained models. Next, the Human-Centric
module takes the person’s head crop as input and predicts a 2D gaze vector which is used to
generate a gaze cone image. Then, the Scene-Centric module processes the original image,
the depth image and the pose map in order to produce modality saliency feature maps (using
modality-specific feature extractors) which are fused by an Attention module. The resulting
saliency map is used by the Prediction module to regress a gaze heatmap, and optionally
predict an in-vs-out gaze classification score.

gaze heatmap, and the second one for predicting whether the gaze target is located within the
frame. These components are detailed below.

Human-Centric Module

In this module, a sub-network G takes the head crop image Ihead of the target person as input
and predicts a normalized 2D gaze vector gp

2D =G (Ihead ). This gaze vector is used by a gaze
cone generator to produce a gaze cone image Ico . Finally, the gaze cone image is concatenated
with the binary head mask of the target person Imask and passed to the Scene-Centric branch
for further processing.

Gaze Cone Generator. The gaze cone is a way to modulate the image information appearing
in the gaze direction of the person. It is encoded as an image in order to be consistent with
the rest of the architecture. The gaze cone generator produces Ico by drawing a cone from the
subject’s eyes location pe ye (i.e. eye mid-point if available from the pose modality; otherwise,
using a prototypal location in the head bounding box) along the direction of gp

2D . To account
for uncertainties in gaze prediction, the cone has an aperture of Æco (set to º in practice),
and the intensity decays the farther we are from the gaze direction angle-wise. Specifically,
the value at each pixel location p is scored according to the cosine similarity between the
predicted gaze vector and the eye-to-target direction (see example in Fig. 5.2).

Formally:
8p = (i , j ) where (i , j ) 2 [1, w]£ [1, h],

Ico(p) = max
°
0,cos(gp

2D ,p°pe ye )
¢ (5.1)
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Note that given this definition, the gaze cone generator is differentiable, allowing us to train
our architecture end-to-end.

Scene-Centric Module

In the Scene-Centric module, the input image I is first transformed using different networks
(see implementation details) into a set of modality images Im, where m 2 {r aw, pose,depth}
and Iraw = I by definition. These modalities are passed through feature extractors to produce
feature maps, which are then fused using an attention mechanism to create a single combined
feature map.

Feature Extractors. A set of modality-specific feature extractors Fm are used to compute
feature maps Fm to encode the person-specific salient regions of the scene according to the
input modality. Thus, each feature extractor Fm processes its corresponding modality Im

concatenated with the output of the Human-Centric module, so that we have:

Fm =Fm(Im,Ico ,Imask ) (5.2)

Note that the concatenation can be seen as an early fusion scheme, whereas an alternative (so
far less successful) approach consists in fusing the Human-Centric module information later at
the feature level (see late fusion experiments). While multiplication is a more straightforward
way to fuse the modality image and the gaze cone, in practice it produced worse results,
probably because it performs a hard decision based on potentially inaccurate gaze direction
predictions. This is particularly the case when the subject’s head is facing backwards and the
gaze vector is more difficult to estimate. Concatenation, on the other hand, allows the model
to make that decision later in the processing.

Regarding the network, we use a typical image-to-image approach, relying on an encoder-
decoder architecture. However, in contrast to previous works which simply upsample the
lowest resolution representation produced by the encoder (Lian et al., 2018; Chong et al.,
2020b), we use skip connections from different intermediate representations (at different
resolutions) to their corresponding decoder representations in the style of a Feature Pyramid
Network (Lin et al., 2017). This architectural choice aims to retain information from higher res-
olution representations, which is important in dense prediction tasks, and is further evidenced
by our experiments.

Attention Module. Its goal is to perform a soft-selection of the most appropriate input modality
given the scene. It takes as input the set of feature maps Fm 2Rw£h£dm and produces a single
combined feature map F, which we use to predict the outputs.

Concretely, it performs four steps:

1. Each feature map Fm is passed through a modality-specific convolution layer to produce
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a transformed feature map Tm .
2. Each map Tm is passed through a network Cm consisting of three strided convolu-

tion layers followed by a global max pooling to generate an embedding vector em . All
embeddings are then concatenated to form the global embedding e.

3. The global embedding is passed through a projection layer P followed by a softmax
operation to get the attention weights: {wm} = softmax(P (e)).

4. Finally, the output is computed as the weighted sum of the transformed feature maps:
F =P

m wmTm .

This loosely resembles the self-attention mechanism in a transformer (Vaswani et al., 2017):
the transformed feature maps Tm act as the values, whereas the attention weights wm simulate
a dot product between an implicit query and a set of keys.

In addition, this attention mechanism allows us to use a variable number of modalities during
inference because the model can simply assign a weight of 0 when a modality is absent. To
encourage this behaviour, we perform modality dropout during training, i.e., we randomly
provide a white noise image instead of the dropped modality, and use an attention loss for
supervision (see Section 5.1.1).

Prediction Module

This module uses the feature map to predict the quantities of interest: a gaze heatmap H, and
a binary In-Out flag o indicating whether the gaze target is inside or outside the image. It
comprises two parts, which are explained below.

Gaze prediction head. The gaze target heatmap H is regressed from the combined feature
map F using a prediction decoder R that consists of an analytic upsampling followed by a set
of convolution layers:

H =R(F) (5.3)

The location where the heatmap is maximal is then used as the gaze target prediction.

In-Out prediction head. In general, we want to predict whether the person is looking at a
scene location which is visible in the image or not. This is important as we do not want to use
the gaze target prediction when a person is looking outside the frame. To accomplish this, we
attach an In-Out network prediction head O which takes as input the feature map F resulting
from the attention step as well as a gaze embedding eg coming from the human-centric
module (see Fig. 5.2):

o =O (F,eg ) (5.4)

More precisely: first, the map F is passed through a network having the same architecture as
Cm to produce a scene embedding es which is concatenated with the gaze embedding eg and
fed into an In-Out predictor consisting of 2 linear layers followed by a sigmoid activation.
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Loss

The complete model is trained end-to-end using a combination of four losses:

1. Gaze loss Lhm . It measures the error in gaze location prediction, which is done by
computing the pixel-wise L2 loss between the predicted heatmap Hpr ed and the ground
truth gaze target heatmap Hg t , defined as a Gaussian blob centered on the ground-truth
location.

2. Gaze direction loss Ldi r . This loss constrains the Human-Centric module by maximiz-
ing the cosine similarity between the predicted 2D gaze vector gp

2D and the ground truth
vector gg t

2D , derived from the ground-truth gaze point.
3. In-Out loss Li o . We use a standard binary cross-entropy loss to measure whether a

person is looking inside or outside the image frame.
4. Attention loss (modality drop) Lat t . This loss supervises the Attention module (Sec-

tion 5.1.1) by pushing the attention weight wm of a dropped modality toward 0:

Lat t =
X
m

wm · m2dropped

The final loss is a linear combination of the four terms:

L =∏hmLhm +∏di r Ldi r +∏i oLi o +∏at t Lat t (5.5)

Implementation Details

Modality extraction. The pose maps are extracted using HRFormer (Yuan et al., 2021), a
hybrid of HRNet (Wang et al., 2020) and transformer architectures. Depth maps are generated
using MiDaS (Ranftl et al., 2020). Pose maps are represented as RGB skeleton renderings, with
color-coded limbs and keypoints.

Feature extraction networks Fm . The feature extractors use EfficientNet backbones (Tan
and Le, 2019). We use EfficientNet-B1 for RGB (7.8M parameters) and EfficientNet-B0 for
depth and pose (5.3M parameters). Input modalities are resized to 224£224 and processed
through encoder-decoder networks with intermediate resolutions between 56£56 and 7£7.
These intermediate representations are passed through skip connections in a Feature Pyramid
Network decoder to produce final saliency maps at 56£56 resolution.

Gaze subnetwork G . The Human-Centric branch uses a ResNet-18 (11M parameters) back-
bone, with a custom head to predict the 2D gaze direction from a resized 224£ 224 head
crop.

Prediction module. In the prediction module (Figure 5.2), the feature maps Fm , Tm , and F
are maintained at 56£56 resolution. Before predicting the gaze heatmap, F is upsampled to
64£64 and passed through convolutional layers. Embedding vectors eg , em , and es all have
dimensionality 512.
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5.1.2 Experiments

We evaluate our proposed models using two benchmark datasets and follow established
evaluation protocols and metrics.

Datasets. The first dataset is the GazeFollow dataset (Recasens et al., 2015), introduced in
Section 3.1.1.

The second is the VideoAttentionTarget dataset (Chong et al., 2020b), described in Section 3.1.2.
Compared to GazeFollow, it features higher-resolution frames and more close-up, front-facing
views of people. It also contains a greater number of instances involving gaze directed at other
people’s heads (see Section 3.4).

Training Protocol. Ground-truth gaze heatmaps Hg t are constructed by placing a Gaussian
blob centered at the ground-truth gaze location, using æ= 3 at a 64£64 resolution following
previous works (Chong et al., 2020b).

The backbone of the Human-Centric sub-network is pre-trained on the Gaze360 dataset (Kellnhofer
et al., 2019) for 3D gaze estimation. The scene branch encoders are initialized with ImageNet-
pretrained weights (Russakovsky et al., 2015). To train our multimodal models, we first pre-
train each modality-specific model independently (see Section 5.1.2) and initialize the multi-
modal model using their learned weights.

Following the protocol of Fang et al. (2021), all VideoAttentionTarget models are initialized
with weights trained on GazeFollow. To reduce redundancy, we subsample the VideoAtten-
tionTarget training frames by selecting every third frame.

All models are trained end-to-end using the AdamW optimizer (Loshchilov and Hutter, 2018).
For GazeFollow, we use a learning rate of 1£10°4, and for VideoAttentionTarget, 1£10°5. Loss
weights are set to: ∏g aze = 100, ∏di r = 0.1, ∏i o = 1, and ∏at t = 1. We train for 35 epochs on
GazeFollow and 20 epochs on VideoAttentionTarget (40 for the multimodal model).

Performance Metrics. We evaluate performance using standard metrics for gaze target pre-
diction: AUC; Recasens et al. (2015)(Section 4.1.2) and Distance (Section 4.1.1) for spatial
localization, and In-Out Average Precision (AP) (Section 4.1.3) for binary classification of
whether the gaze target lies inside or outside the image frame.

In-Out AP is computed over the full test set, whereas AUC and Distance are evaluated only
on the subset of samples where the ground truth gaze point is annotated and falls within the
image bounds.

Tested Models

Individual Modalities. To isolate the contribution of each modality, we train single-modality
models by disabling the attention fusion mechanism and using only the corresponding modal-
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Model AUC" AvgDist# MinDist#
Lian et al. (2018) 0.906 0.145 0.081
Chong et al. (2020b) 0.921 0.137 0.077
Jin et al. (2021) 0.919 0.126 0.076
Fang et al. (2021) 0.922 0.124 0.067

Image 0.933 0.134 0.071
Depth 0.921 0.141 0.080
Pose 0.902 0.164 0.100
Multimodal 0.943 0.114 0.056

Depth-privacy 0.920 0.152 0.088
Pose-privacy 0.893 0.175 0.109
Multimodal-privacy 0.928 0.136 0.075

Image-NoSkip 0.932 0.133 0.073
Multimodal-NoMoDrop 0.941 0.115 0.057
Multimodal-Late 0.931 0.128 0.068

Table 5.1: Results for our models on the Gaze-
Follow dataset. Best scores are given in red
and second best scores are given in blue.

Model AUC " Dist # AP "
Chong et al. (2020b)-static 0.854 0.147 0.848
Chong et al. (2020b) 0.860 0.134 0.853
Jin et al. (2021) 0.870 0.127 0.882
Fang et al. (2021) 0.905 0.108 0.896

Image 0.918 0.122 0.864
Depth 0.899 0.134 0.852
Pose 0.904 0.131 0.866
Multimodal 0.913 0.110 0.879

Depth-privacy 0.891 0.156 0.831
Pose-privacy 0.881 0.150 0.823
Multimodal-privacy 0.895 0.140 0.826

Image-NoSkip 0.906 0.133 0.857
Multimodal-NoMoDrop 0.905 0.118 0.874
Multimodal-Late 0.905 0.113 0.863

Table 5.2: Results on the VideoAttentionTar-
get dataset. Best scores are given in red and
second best scores are given in blue.

ity’s feature map F as input to the prediction module.

Privacy Approach. To support privacy-sensitive settings, we modify the Human-Centric
module to operate on the head crop from the pose image (i.e., a rendered skeleton) instead of
the original RGB image. Further, the Feature Extractors use only processed and anonymized
input data. The rest of the architecture and training pipeline remain unchanged.

Late Fusion. We test a late fusion strategy where the gaze cone image gcone and binary head
mask hloc are downsampled and concatenated with the feature map Fm of each modality later
in the architecture, instead of fusing earlier. This variant is illustrated by the dashed blue line
in Figure 5.2.

Skip Connections. To assess the impact of spatial detail retention, we train an image-only
model without skip connections in the decoder of the Scene-Centric branch.

Modality Dropout. We train a multimodal model without modality dropout to evaluate the
effect of this regularization strategy on the attention mechanism.

State-of-the-Art. We compare our models with leading gaze prediction methods, including
those of Chong et al. (Chong et al., 2020b), Lian et al. (Lian et al., 2018), Jin et al. (Jin et al.,
2021), and Fang et al. (Fang et al., 2021). For VideoAttentionTarget, we focus on static variants
when available to ensure fair comparisons with our single-frame models.

5.1.3 Results

Our results on the GazeFollow and VideoAttentionTarget datasets are summarized in Table 5.1
and Table 5.2 respectively.

Individual Modalities. As expected, the image modality performs best overall due to its
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Figure 5.3: Qualitative results of our models (from top to bottom: multimodal, image, depth
and pose). The image (or modality) is superimposed with the predicted gaze cone, the pre-
dicted gaze target (in green) and the ground truth target (in red). We observe that the attention
scores reflect the reliability of the respective modalities for a particular sample (pose in 2nd
and 3rd column; depth in 4th column), and that the fusion is able to ignore wrong information
(pose in 1st and 4th columns; depth in 3rd column), and improve predictions of the image
modality (4th and 5th column).

rich content. However, depth and pose still yield competitive results—often comparable to
several state-of-the-art baselines. Notably, on GazeFollow, depth outperforms pose across all
metrics, whereas on VideoAttentionTarget, the two perform similarly. This likely reflects the
higher prevalence of face-directed gaze in VideoAttentionTarget, where pose information (e.g.,
skeletal landmarks) becomes more informative.

Multimodal. The multimodal model consistently outperforms all single-modality variants
across both datasets, particularly in distance metrics, where we observe up to a 21% error
reduction on GazeFollow. This improvement stems from the complementary nature of pose
and depth cues—pose improves localization near people and hands, while depth resolves
spatial ambiguities along the line of sight.

Compared to existing state-of-the-art methods, our multimodal approach achieves the best
performance on GazeFollow across all metrics. On VideoAttentionTarget, our results match
those of Fang et al. (Fang et al., 2021), despite the fact that their method uses explicit eye-region
processing—a strong cue in high-resolution frontal faces. We hypothesize that incorporating
such a component into our framework could yield further gains.

Qualitative Results. Figure 5.3 presents qualitative examples and attention scores for various
models. The attention weights highlight the relative reliability of each modality per exam-
ple: for instance, pose receives higher weights in person-focused scenarios, while depth is
emphasized when background clutter must be resolved.

On average, attention weights on GazeFollow are 0.41 (image), 0.36 (depth), and 0.23 (pose),
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while on VideoAttentionTarget they are more balanced: 0.37, 0.31, and 0.32 respectively. This
shift suggests that pose plays a more prominent role in datasets with more face-directed
attention.

Privacy-Sensitive Models. Our privacy-preserving models, using only depth and pose, perform
competitively—especially on GazeFollow, where the head and eye cues in the original image
are less visible. Performance drops are more pronounced on VideoAttentionTarget, likely
due to its high-resolution, front-facing faces, where RGB features offer additional gaze cues.
Still, the multimodal privacy model achieves performance comparable to many baselines,
demonstrating its utility in sensitive applications.

Skip Connections. The use of skip connections in our decoder contributes notably to im-
proved performance, especially on the VideoAttentionTarget dataset. Removing them (NoSkip
model) leads to a clear drop in distance accuracy, highlighting the importance of preserving
spatial detail in high-resolution scenes.

Late Fusion. While late fusion outperforms single-modality models, it underperforms com-
pared to early fusion in the multimodal setting. This likely occurs because late fusion delays
the integration of gaze direction, requiring the model to identify targets for all people in the
scene, rather than conditioning early on the specific subject’s gaze.

Modality Dropout. Disabling modality dropout leads to reduced performance on VideoAtten-
tionTarget, with less balanced attention weights (image: 0.32, depth: 0.29, pose: 0.39). When
dropout is enabled, the learned weights (0.37, 0.31, 0.32) better reflect modality relevance and
contribute to more robust predictions. This demonstrates that modality dropout improves
generalization by regularizing the fusion process.

5.1.4 Conclusion

In this work, we proposed a modular multimodal architecture that explicitly leverages pose
and depth information to enhance gaze target prediction. Our approach achieves state-of-
the-art performance on two public benchmarks and improves gaze localization through more
accurate spatial reasoning. We also investigated a late fusion scheme, which allows the scene
to be parsed in a person-agnostic manner before incorporating subject-specific information.
In addition, we demonstrated that our model can be adapted for privacy-sensitive applications
by using only anonymized input in the form of pose skeletons and depth maps, while still
achieving competitive results.

Our architecture is inherently modular and can be extended to incorporate additional modal-
ities such as optical flow in video settings, which may further enhance prediction quality.
Another promising direction is the integration of temporal information directly within the
model, enabling more robust predictions in dynamic scenes. Furthermore, while depth ap-
pears useful for validating the geometric compatibility between the gaze direction and scene
layout, future work is needed to systematically understand how this cue is utilized by the
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Figure 5.4: Depth is crucial for gaze following, as it enables reasoning about the 3D structure
of the scene and helps rule out salient objects that lie along the 2D line of sight but are not
visible in 3D (left). However, typical methods rely on disparity maps (e.g. (Ranftl et al., 2020)),
which often produce distorted point clouds (right) and thus limit 3D reasoning.

model. Lastly, our current attention mechanism assumes that a single dominant modality is
selected, which implicitly treats all modalities as equivalent. Future research could explore
more expressive fusion strategies that capture complementary information across modalities.

5.2 Geometry Preserving Gaze Target Prediction

As discussed in the previous section, reasoning about depth is crucial for accurate gaze
target prediction. Depth provides information about the 3D structure of the scene, enabling
geometric reasoning that helps determine whether objects along a 2D line of sight are actually
visible to the observer. For example, salient objects may fall along the projected 2D gaze vector
but be occluded or outside the viewer’s true field of view in 3D space.

Given that most gaze datasets lack ground-truth depth, several prior works have used depth
estimated from pre-trained monocular networks to augment gaze prediction models (Fang
et al., 2021; Bao et al., 2022; Gupta et al., 2022). However, these depth estimators (Ranftl et al.,
2020; Yin et al., 2020) often produce outputs that are only accurate up to an unknown scale
and shift, which can lead to distorted point clouds and limit their usefulness for 3D geometric
analysis (see Figure 5.4 and Section 5.4).

In this work published in Tafasca et al. (2023b), we propose a more geometrically grounded
formulation by leveraging a recent depth estimation method (Patakin et al., 2022) that corrects
for these shift and scale ambiguities. This results in geometry-preserving depth maps suitable
for reliable 3D reconstruction. We use these maps to construct point clouds and explicitly
intersect them with the predicted 3D gaze vector to compute the person’s 3D field-of-view
(3DFoV).

58



5.2 Geometry Preserving Gaze Target Prediction

Figure 5.5: The Gaze Pathway processes the head crop to predict a 3D gaze vector, which is
then used with the inferred point cloud to generate a heatmap of the 3D Field-of-View. The
Scene Pathway further combines this map with the image and a head location mask to predict
a feature map highlighting salient items in the scene. This map is further used to predict, on
one hand, the visual attention map Hp , and on the other hand, with the gaze embedding eg ,
the in-vs-out gaze label.

In experiments, we show that our approach leads to improved performance, especially in
cross-dataset generalization settings, validating the benefit of maintaining geometric fidelity
in depth-based gaze estimation.

5.2.1 Method

Our network architecture is illustrated in Figure 5.5. It builds on the structure of our previous
design, with key modifications to the gaze and scene pathways to explicitly incorporate 3D
scene geometry.

On one hand, the Gaze Pathway aims at predicting the scene elements which are in the 3D
Field of View (3DFoV) of the person, represented by the heatmap V. To do so, it takes as input
the image crop Ihead of the person’s head and predicts their 3D gaze direction gp

3D , as well as a
gaze embedding eg . The gaze gp

3D is then combined with the scene-consistent 3D point cloud
P inferred from the image to generate the 3DFoV heatmap.

On the other hand, the scene pathway combines the image with the Gaze Pathway information
(the head location mask Imask , the V, and the gaze embedding eg ) to infer the in-out label op

(i.e., whether the person is looking inside the frame or outside) and the attention heatmap
Hp . We detail these elements below. However, given the importance of scene structure
representation, we first describe how the scene point cloud is obtained.
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Point cloud generation

To obtain our point cloud in the camera coordinate system Pc = {Pc
i = (X c

i ,Y c
i , Z c

i )} associated
with the 2D pixels defined in the image plane pi = (xi , yi ), we need to know the scene depth as
well as the intrinsic parameters of the camera. As these are not available, we infer them from
the data and make standard assumptions.

Regarding depth, we leverage the pre-trained model of (Patakin et al., 2022) to predict the
depth Z c

i of each pixel. We chose this model because it generates geometrically consistent
depth maps, which are crucial for performing reliable 3D analysis of the scene.

As to camera parameters, we make standard assumptions: square pixels, no skew, and the
principal point at the image center. The more important parameter is the focal length, which
is required to avoid scene stretching. In this paper, we estimate it using the pre-trained model
of (Yin et al., 2021). As a result, denoting by W and H the image width and height, we obtain
the simplified projection equation:
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enabling us to build our point cloud Pc.

Note that Pc is defined in the camera coordinate system. However, as our aim is to evaluate
the scene elements visible from the person’s viewpoint, we transform it into the local eye
coordinate system C e ye in which the gaze vector is predicted (see next section), resulting in Pe.
Following (Kellnhofer et al., 2019), the origin of C e ye is defined by the eye location Pc

e ye , and
the basis vectors (Ex ,Ey ,Ez ) are such that Ez is the unit vector from the camera to the eye, and
Ex and Ey lie in the plane perpendicular to Ez .

Pe =

2
64

E T
x

E T
y

E T
z

3
75 .(Pc °Pc

e ye ) (5.7)

We provide an analysis of the quality of the generated point clouds in the appendix.

Gaze pathway

This pathway comprises several steps to generate the 3DFoV heatmap V, as described below.

Gaze Prediction Network. Its aim is to predict the gaze direction gp
3D defined in the local

coordinate system C e ye associated with the head crop Ihead (Kellnhofer et al., 2019). C e ye is
used rather than the camera coordinate system, as the gaze depends primarily on appearance
(head pose and eyes) and not on the head location within the image. This network is composed
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of a gaze prediction backbone Gb and a gaze prediction head Gh . The first one, Gb , is a ResNet-
18 (He et al., 2016) network that predicts the gaze embedding eg from the head crop Ihead ,
while the second is an MLP with 2 layers followed by a tanh activation which transforms this
gaze embedding into the unit 3D gaze vector prediction gp

3D :

eg =Gb(Ihead ) and gp
3D =Gh(eg ) (5.8)

3DFoV heatmap V generation. Its goal is to highlight the scene parts lying in the gaze direction
of the person. To do so, given the point cloud Pe and the gaze prediction gp

3D , we compute
the cosine similarity c between gp

3D and every point Pe
i in Pe, and apply an exponential decay

function for values with lower similarity to enhance the scene parts that are more in the focus
of gaze:

Vi =

8
<
:

ci , if ci > 0.9

0.9 · exp(5·ci )
exp(5·0.9) , otherwise

(5.9)

where ci = gp
3D · Pe

i
kPe

i k
. This formulation of the 3DFoV is differentiable, allowing for end-to-end

training.

Scene Pathway

The scene pathway combines the scene information (image I) with the 3DFoV heatmap V
of the person (along with the head location mask Imask to better characterize the person’s
position and scale in the scene) and the gaze embedding eg to infer their attention: the in-out
indicator op and the visual attention heatmap Hp , according to:

F =F ([I,V,Imask ]) (5.10)

Hp =R(F), op =O ([C (F),eg ]) (5.11)

Saliency feature extraction. The scene backbone network F is an encoder-decoder architec-
ture that produces a set of gaze saliency feature maps F. The encoder is an EfficientNet-B1 (Tan
and Le, 2019) network, and the decoder is a Feature Pyramid Network (FPN) (Lin et al., 2017).
The FPN includes skip connections that help retain high-resolution spatial information, which
improves gaze target localization. The concatenation of inputs in Eq. 5.10 represents an early
fusion scheme of scene and gaze information, which as we showed in our previous work
(Gupta et al., 2022) above, was more effective than late fusion.

Visual attention prediction. Summarized in Eq. 5.11, this comprises two parts: the attention
prediction head R processes the feature maps F to predict the gaze target heatmap Hp , whose
maximum gives the predicted gaze target location. It is implemented as a CNN block with six
dilated convolution layers and a final 1£1 regression layer.
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The in-out prediction head O determines whether the gaze target lies within the image frame.
It is implemented as an MLP with two layers followed by a sigmoid activation, and takes as
input the scene embedding es (from the compression network C ) and the gaze embedding eg .
C is a 3-layer CNN with strided convolutions and max pooling.

Ground Truth and Loss Definition

Heatmap Ground Truth. As in the protocol described in Section 5.1.1, we generate the ground
truth heatmap by placing a Gaussian at the annotated 2D gaze location. However, instead of
using a fixed standard deviation, we define it relative to the heatmap resolution:

æ= (Whm +Hhm)
2

· 3
64

,

where Whm and Hhm denote the width and height of the heatmap. For a 64£64 heatmap, this
yields æ= 3, consistent with prior work (Chong et al., 2020b).

3D Gaze Vector Pseudo-Ground Truth. Unlike prior methods that supervise gaze prediction
only in 2D, we leverage our geometry-preserving point cloud to derive a pseudo-ground truth
3D gaze vector. Given the 2D annotated gaze point, we retrieve its corresponding 3D location
Pe

g aze from the point cloud Pe defined in the eye coordinate system (see Section 5.2.1). The
pseudo-ground truth 3D gaze direction is then defined as:

gg t
3D =

Pe
g aze

kPe
g azek

.

This allows us to directly supervise the predicted 3D direction against a geometrically mean-
ingful reference.

Loss Definition. The model is trained using a weighted combination of three loss components:

L =∏hmLhm +∏di r Ldi r +∏i oLi o .

1. Heatmap Loss Lhm : As described in Section 5.1.1, it measures the pixel-wise mean
squared error between the predicted heatmap Hp and the ground truth heatmap Hg t :

2. In-Out Loss Li o : Following the definition in Section 5.1.1, this term applies binary
cross-entropy to supervise the predicted in-vs-out label op against the ground truth
label og t .

3. 3D Gaze Direction Loss Ldi r : To encourage accurate 3D gaze direction prediction, we
introduce a direction loss that maximizes the cosine similarity between the predicted
gaze vector gp

3D and the pseudo-ground truth vector gg t
3D :

Ldi r = 1°hgp
3D ,gg t

3Di,
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where ha,bi denotes the inner product between vectors a and b.

5.2.2 Experiments

Implementation Details. The gaze network head Gh is pre-trained on the Gaze360 dataset (Kellnhofer
et al., 2019) and processes the head crop at a resolution of 224£224. The Scene Pathway
encoder is pre-trained on ImageNet (Russakovsky et al., 2015) and operates on scene images
resized to 512£288. During testing, we maintain the original aspect ratio and scale the longer
side of the scene image to 512 pixels.

Datasets. We train our models on three datasets—GazeFollow, ChildPlay, and VideoAttention-
Target—as described in Section 3.1. Notably, GazeFollow and VideoAttentionTarget include
more instances of gaze directed toward heads, whereas children in ChildPlay more often gaze
at nearby objects such as the toys they are interacting with (Tafasca et al., 2023b).

Training. We train the model for 40 epochs on GazeFollow. Following the protocol of Chong
et al. (2020b), we fine-tune the GazeFollow-trained model for 20 additional epochs on VideoAt-
tentionTarget. We adopt the same fine-tuning protocol for ChildPlay. Training is conducted
using the AdamW optimizer (Loshchilov and Hutter, 2018), with a learning rate of 2.5£10°4 for
GazeFollow and 2.5£10°5 for both VideoAttentionTarget and ChildPlay. The loss coefficients
are set to ∏hm = 100, ∏di r = 0.1, and ∏i o = 1.

Validation. Since GazeFollow and VideoAttentionTarget do not provide validation splits,
we create them by holding out a subset of the training data. Our GazeFollow validation set
contains 4499 samples, while the VideoAttentionTarget validation set contains 6726 samples
from 3 TV shows. We select the best-performing checkpoint based on the distance metric
evaluated on the validation set.

Metrics. We evaluate model performance using standard metrics for gaze target prediction:
AUC (Recasens et al., 2015) (Section 4.1.2) and Distance (Section 4.1.1) for spatial localization,
and In-Out Average Precision (AP) (Section 4.1.3) for binary classification of whether the gaze
lies inside or outside the frame.

Additionally, we report performance using the P.Head metric introduced in Tafasca et al.
(2023b) (see Section 4.2.1), which captures performance for looking towards heads, providing
a more semantic evaluation of gaze predictions.

Tested Models

ChildPlay. In addition to our proposed model, we train the Image-only model from Gupta
et al. (2022) on ChildPlay. For reference, we also evaluate models trained solely on GazeFollow,
without fine-tuning on ChildPlay.

GazeFollow and VideoAttentionTarget. We train our model from scratch on GazeFollow
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Children Adults Full data
Model AUC" Dist# AP" P.Head" AUC" Dist# AP" P.Head" AUC" Dist# AP" P.Head"
Gupta et al. (2022)† 0.926 0.136 - 0.435 0.919 0.151 - 0.621 0.923 0.142 - 0.518
Ours - 2D cone† 0.929 0.125 - 0.472 0.934 0.131 - 0.664 0.931 0.127 - 0.567
Ours† 0.934 0.112 - 0.509 0.930 0.119 - 0.681 0.932 0.115 - 0.602
Gupta et al. (2022) 0.923 0.106 0.980 0.648 0.914 0.123 0.987 0.731 0.919 0.113 0.983 0.694
Ours - 2D cone 0.925 0.118 0.937 0.564 0.927 0.125 0.955 0.717 0.926 0.121 0.944 0.644
Ours 0.939 0.098 0.989 0.604 0.928 0.121 0.983 0.704 0.935 0.107 0.986 0.663
Human - - - - - - - - 0.911 0.048 0.993 -

Table 5.3: Results on the ChildPlay dataset. The best results are given in red and the second
best results are given in blue. † indicates that the model was not fine-tuned on ChildPlay.

Model AUC" Avg.Dist# Min.Dist# P.Head"
Fang et al. (2021) 0.922 0.124 0.067 -
Hu et al. (2022a) - 0.135 0.075 -
Bao et al. (2022) 0.928 0.122 - -
Jin et al. (2022) 0.920 0.118 0.063 -
Chong et al. (2020b) 0.921 0.137 0.077 0.708
Gupta et al. (2022) 0.933 0.134 0.071 0.750
Ours - 2D cone* 0.939 0.122 0.062 0.762
Ours* 0.936 0.125 0.064 0.760
Human 0.924 0.096 0.040 -

Model AUC" Dist# AP" P.Head"
Gupta et al. (2022)† 0.907 0.137 - 0.887
Ours - 2D cone† 0.915 0.128 - 0.894
Ours† 0.911 0.123 - 0.900
Fang et al. (2021) 0.878 0.124 0.872 -
Bao et al. (2022) 0.885 0.120 0.869 -
Jin et al. (2022) 0.898 0.109 0.897 -
Chong et al. (2020b) 0.854 0.147 0.848 -
Gupta et al. (2022)* 0.897 0.134 0.864 0.903
Ours - 2D cone* 0.909 0.120 0.856 0.892
Ours* 0.914 0.109 0.834 0.902
Human 0.921 0.051 0.925 -

Table 5.4: Results on GazeFollow (left) and VideoAttentionTarget (right) with the best results in
red and second best results in blue. * indicates that the model follows a proper protocol, using
a validation split to select the model. † indicates that the model was not fine-tuned on VAT.

and fine-tune it on VideoAttentionTarget. For comparison, we also retrain the Image-only
model from Gupta et al. (2022) using our updated training and validation splits. For state-of-
the-art baselines, we include the static model from Chong et al. (2020b) and other models
incorporating depth and head crop features, including those by Fang et al. (2021), Hu et al.
(2022a), Gupta et al. (2022), Bao et al. (2022), and Jin et al. (2022). We exclude comparisons
with methods that use additional inputs such as eye crops or pose, to ensure fairness.

Ablation: 3DFoV vs 2D Cone. To assess the benefit of explicitly modeling the 3D Field of View
(3DFoV), we compare our approach against a baseline using a standard 2D gaze cone, similar
to that of Gupta et al. (2022). In this baseline, the 2D gaze cone is generated by projecting
the 3D gaze vector into the image plane and computing cosine similarity with each pixel
location—without applying any decay function.

5.2.3 Results

GazeFollow and VideoAttentionTarget (VAT). Our results on GazeFollow and VideoAtten-
tionTarget are shown in Table 5.4. Overall, our model achieves strong performance across
all metrics. Compared to the current state-of-the-art, it is on par with the best-performing
method (Jin et al., 2022), which also uses depth information but does not model an explicit
3DFoV and may not rely on a validation set for evaluation. On GazeFollow, although our
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AvgDist is slightly worse, the MinDist is identical, and on VAT both methods perform equally
well in terms of distance (0.109). Compared to the image-only model of (Gupta et al., 2022),
which follows the same training protocol, our approach yields significantly better results.

Looking at the P.Head metric, we observe generally high performance, especially on the VAT
dataset, which is known to have a strong bias toward gaze directed at heads (see Table 3.3).
This leads to a high number of true positives relative to false positives.

ChildPlay. Results on the ChildPlay dataset are presented in Table 5.3. Our model demon-
strates significantly better cross-dataset generalization compared to both the 2D gaze cone
baseline and the image-only model from Gupta et al. (2022). Fine-tuning improves perfor-
mance across all models, with the (Gupta et al., 2022) model benefitting more—potentially due
to overfitting to dataset-specific priors. Despite this, our method remains the best-performing
across all metrics except for P.Head.

Interestingly, the performance gap with respect to human-level accuracy suggests that sub-
stantial room for improvement still exists.

Children vs. Adults. Closer inspection of the ChildPlay results reveals slightly better distance
scores for children than for adults. However, this is largely explained by the fact that gaze
targets tend to be closer to children on average (Tafasca et al., 2023b). This finding is consistent
with observations from Tu et al. (2022), who noted that prediction models struggle more with
distant gaze targets.

In contrast, the P.Head metric tells a different story: performance is significantly lower for
children—by 18.7%—compared to adults. This supports our argument that a single metric is
insufficient for fully evaluating model behavior, and that performance can vary significantly
across subgroups. Moreover, all models exhibit larger performance gains after fine-tuning on
child data, particularly for children and across both distance and P.Head metrics, highlighting
the importance of domain-specific training data.

3DFoV vs. 2D Cone Saliency. Results indicate that our model (Ours), which incorporates an
explicit 3D Field of View (3DFoV), performs on par with—or outperforms—the 2D cone base-
line (Ours-2D cone). On GazeFollow, the performance of both models is similar, likely due to
the dataset’s relatively simple scenes and bias toward foreground subjects—gaze annotations
are typically only provided for the person with the largest face in the scene.

However, on VideoAttentionTarget and ChildPlay, our 3DFoV model exhibits superior gen-
eralization and continues to outperform the 2D cone baseline even after fine-tuning. This
emphasizes the value of incorporating depth cues and the advantage of using a geometrically
consistent 3D representation of the visual field.

Qualitative Results. Qualitative examples are provided in Figure 5.6. We observe that the
3DFoV allows the model to selectively highlight only the parts of the scene that are physically
visible from the person’s viewpoint, thereby improving predictions in cluttered scenes with
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Figure 5.6: Qualitative results of our geometrically grounded model on ChildPlay. Our 3D Field
of View (3DFoV) highlights potential gaze targets, excluding objects where the depth does not
match. Gaze target predictions are given in green and GT ones in red.

multiple salient distractors along the line of sight.

5.2.4 Conclusion

In this work, we introduced a geometrically grounded model for gaze prediction that explic-
itly constructs a 3D Field of View (3DFoV) using estimated gaze direction and a predicted
geometrically-consistent point cloud. By integrating this 3DFoV representation into the pre-
diction pipeline, our approach provides a principled way to rule out occluded or implausible
targets along the 2D line of sight and better localize the true gaze target.

Our model achieves state-of-the-art results on public gaze following benchmarks, and demon-
strates strong cross-dataset generalization to the VideoAttentionTarget and ChildPlay datasets.
These results highlight the importance of geometrically consistent depth cues for improving
robustness across diverse settings.

In addition, we showed that training and evaluating on ChildPlay improves performance
for child gaze prediction—particularly when assessed using semantic metrics such as the
likelihood of looking at other people’s heads. These findings reinforce the value of including
child-centric data and semantically meaningful evaluation protocols for advancing gaze
understanding in real-world social contexts.

5.3 Conclusion

In this chapter, we explored how multimodal cues—specifically depth and body pose—can
be explicitly leveraged to enhance gaze following. We introduced two models: a modular
attention-based framework that combines RGB, depth, and pose inputs, and a geometrically
grounded model that constructs a 3D Field of View (3DFoV) using predicted gaze vectors and
geometrically-consistent depth maps. Together, these approaches achieve state-of-the-art
results on multiple public benchmarks and demonstrate strong cross-dataset generalization,
including under privacy-sensitive constraints.

While these models advance the accuracy and robustness of gaze target prediction, they
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remain fundamentally limited to spatial localization and do not capture the semantic or social
meaning of gaze behaviours. As we highlighted in earlier chapters, such semantic cues—like
whether a person is looking at another person or engaging in shared attention—are crucial
for understanding interactions in social scenes. Rather than treating them as separate tasks,
given their conceptual overlap, they may also benefit from being jointly modeled.

In the next chapter, we address this gap by proposing unified models that jointly predict
gaze targets and social gaze behaviours, enabling a richer, multi-task understanding of visual
attention in complex, multi-person environments.

5.4 Appendix

Point Cloud Comparison

Monocular Depth Estimation. Depth datasets can be put under three categories:

• Absolute Depth: These datasets provide the absolute depth of the scene. The data is
recorded using sensors such as LiDARS, time of flight cameras etc. ex. KITTI (Geiger
et al., 2013)

• Up to Scale (UTS) Depth: These datasets provide the depth of the scene up to an
unknown scale C1. The absolute depth d§ can be recovered from UTS depth d as
d§°1 =C1.d°1. ex. Megadepth (Li and Snavely, 2018)

• Up to Shift and Scale (UTSS) Depth: These datasets provide the disparity of scene. They
are obtained from stereo movies and photos by computing the optical flow. The absolute
depth can be recovered from the disparity D as d§°1 =C1.(D +C2). C2, also known as
shift, depends on the camera parameters and is crucial for reconstructing geometry
preserving point clouds. However, the shift is typically unknown. ex. MiDaS (Ranftl
et al., 2020)

Recent methods for monocular depth estimation (Ranftl et al., 2020)(Yin et al., 2020) have
leveraged UTSS depth data due to it’s high diversity, and shown better generalization when
tested on unseen datasets. However, they can only predict UTSS depth so the reconstructed
point clouds are not geometry preserving. Hence, methods for gaze target prediction that use
these algorithms rely on course matching (Fang et al., 2021) or attempt to correct the point
cloud based on prior assumptions (Bao et al., 2022).

We study two recent methods for monocular depth estimation that aim to generate geometry-
preserving point clouds while still leveraging UTSS data. Wei et al. (Yin et al., 2021) predict
UTSS depth and use it to construct a (distorted) point cloud. A point cloud module then recov-
ers the shift factor from the distorted point cloud. On the other hand, Patakin et al. (Patakin
et al., 2022) train on a mix of absolute, UTS and UTSS depth data. The absolute and UTS depth
data provide supervision such that the algorithm predicts UTS depth.
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Qualitative Results. We provide a qualitative comparison of point clouds generated using
the depth maps from Ranftl et al. (Ranftl et al., 2020), Wei et al (Yin et al., 2021) and Patakin
et al. (Patakin et al., 2022) in Figure 5.7. We observe that the point clouds generated using
the depth maps from Wei et al. and Patakin et al. generally have less distortion of scene
elements, and better maintain the depth between objects. The point clouds from Patakin et al.
in particular seem to preserve the geometry of the scene best.

Gaze Vector Stability. To quantitatively compare the methods of Wei et al. (Yin et al., 2021)
and Patakin et al. (Patakin et al., 2022), we investigate which algorithm generates more stable
gaze vectors. This is crucial as we rely on their generated gaze vectors as ground truth. The
test is based on the fact that the gaze vector for a person (camera coordinate system) should
be the same irrespective of their distance from the camera. We perform the test as follows:

• We take 5 random crops of an image
• For each crop, we compute the depth (Wei et al. or Patakin et al.) and focal length
• We then reconstruct the point cloud Pc following the protocol defined in Section 4.2,

and obtain the gaze vector for each crop as gg t
3D

c = Pc
g aze°Pc

e ye

||Pc
g aze°Pc

e ye ||
• The stability is given by the standard deviation of the gaze vector across the crops

For a more robust estimate, we perform this procedure for the first frame of every clip in
the ChildPlay training set, and compute the median standard deviation. The values for the
method of Wei et al. are [0.041, 0.032, 0.095] while the values for the method of Patakin et al.
are [0.026, 0.019, 0.075]. The median standard deviation for Patakin et al. is lower, especially
for the z component, indicating that it generates more stable gaze vectors.

Training Details

Head Bounding Boxes. The provided head box annotations for GazeFollow are not consistent
and sometimes include the whole head, and at other times just the face of the person. Hence,
we re-extract the head boxes using a pre-trained Yolov5 model (Jocher et al., 2022) and use
these for all our experiments.

Eye Location. For GazeFollow, we use the annotated eye location, and for the VideoAttention-
Target and ChildPlay datasets we use the center of the annotated head bounding box as the
eye location.

Input Aspect Ratio. Previous methods (Chong et al., 2020b)(Gupta et al., 2022) distort the
scene and head images to the model input size. To avoid this, we expand the head bounding
box to a square to match the Human-Centric module’s input aspect ratio. We also carefully
crop and pad scene images to the Scene-Centric module’s input aspect ratio during training
and validation so that there is no distortion. During the test phase, we do not perform any
cropping/padding and instead scale the longer side of the scene image to the Scene-Centric
module’s input width.
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Figure 5.7: Comparison of point clouds generated using the depth maps from Ranftl et al. (Ran-
ftl et al., 2020) (row 2), Wei et al. (Yin et al., 2021) (row 3) and Patakin et al. (Patakin et al., 2022)
(row 4) on ChildPlay images. The point clouds generated using Patakin et al. appear to best
preserve the geometry of the scene.
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6 Unifying Gaze Following and Social
Gaze Prediction

As discussed in Chapters 1 and 2, interpreting gaze—particularly in the context of commu-
nicative cues such as eye contact or shared attention—is crucial for understanding social
interactions, with important applications in developmental assessment (Senju and Johnson,
2009), human–robot interaction (Sheikhi and Odobez, 2015), and behavioral science (Otsuka
et al., 2018).

In this chapter, we propose unified models that jointly predict the gaze target and social
gaze labels—including Looking at Heads (LAH), Looking at Each Other (LAEO), and Shared
Attention (SA) as introduced in Section 1.1—in a single stage for all individuals in the scene.
This requires new architectures capable of handling multiple people, reasoning about social
interaction dynamics, and integrating both spatial and temporal cues.

Previous work in social gaze prediction generally adopts one of two approaches (detailed in
Section 2.3). The first approach focuses on designing task-specific networks that process pairs
of head crops and potentially additional scene information (Marin-Jimenez et al., 2019; Doosti
et al., 2021; Cantarini et al., 2021; Fan et al., 2018; Sumer et al., 2020). While these specialized
models are effective for their respective tasks, they offer limited generalization to other gaze-
related tasks. The second approach first addresses the gaze following task, then applies ad-hoc
post-processing to derive social gaze attributes from predicted gaze points. For instance,
inferring shared attention by combining gaze heatmaps from multiple individuals (Chong
et al., 2020b).

However, gaze following is itself a challenging task, and these methods are not explicitly trained
for social gaze prediction. Moreover, standard gaze following metrics, such as distance, do not
capture the semantic quality of predictions, such as whether a predicted gaze point falls on a
person’s head.

We address these limitations by proposing transformer-based models that unify gaze following
and social gaze prediction. These models are trained end-to-end and evaluated using semantic
metrics based on the same social gaze tasks (see Chapter 4.2). Our main contributions are:
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Figure 6.1: Our method accurately predicts social gaze in cases where state-of-the-art gaze
following methods fail. Row 1 shows examples for LAH, and Row 2 for LAEO. Orange highlights
true positive pairs predicted by our model, while white indicates gaze predictions from (Tonini
et al., 2022), which when post-processed, result in incorrect social gaze predictions.

• We propose a graph-based transformer model that extends a frozen gaze following
backbone (Tafasca et al., 2024) with a graph reasoning module for social gaze prediction.
This model performs multi-person inference and supports unified prediction of gaze
and social gaze labels. This work was published in Gupta et al. (2024a) and is detailed in
Section 6.1).

• We introduce a unified temporal transformer model that jointly trains for gaze following
and social gaze prediction, and supports optional auxiliary signals such as speaking
status. This model enables temporal modeling of social dynamics and improves upon
some limitations of the first work. This work was published in Gupta et al. (2024b) and
is detailed in Section 6.2).

• We evaluate both models across multiple tasks and datasets, and show that they improve
over task-specific and post-processing based baselines. We also demonstrate the benefit
of semantic metrics for interpreting and evaluating model predictions.

6.1 Sharingan Social

Given the general nature of the gaze following task, trained models capture rich representa-
tions of visual attention and social context that can be repurposed for higher-level reasoning.
In particular, the Sharingan model that we proposed in Tafasca et al. (2024) supports effi-
cient multi-person gaze following, making it a natural candidate for extension to social gaze
prediction tasks.

At the time of this work, a unified dataset annotated for all social gaze tasks was not available
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Figure 6.2: Our architecture comprises two main components—a Sharingan encoder and the
Social Gaze Predictor. The Sharingan encoder first processes the scene and head crops to
produce image and gaze tokens. These tokens are then passed to a ViT encoder to generate
person tokens encoding gaze and attention information, which are fed to the gaze target
regression decoder and the Social Gaze Predictor. The latter module includes a Graph Atten-
tion Network with task-specific decoders, which jointly model person-person multimodal
interactions and predict different social gaze behaviors. The modules outlined in black are
frozen during training.

(prior to the release of VSGaze). To address this, we leverage a frozen, pre-trained Sharingan
model and adopt a modular strategy in which separate decoders are trained for each task
using available datasets.

Concretely, our model treats the token-based person representations returned by Sharingan
as nodes in a fully connected graph. These node embeddings are either directly passed to
task-specific decoders to predict social gaze behavior for each edge (i.e., pair of people), or first
updated via a Graph Attention Network (GAT) to explicitly model inter-person interactions.
We evaluate this approach against post-processing baselines that infer social gaze from gaze
following predictions and show consistent improvements across tasks (Figure 6.1).

6.1.1 Method

Our architecture is illustrated in Figure 6.2. It consists of two main components—a Sharingan
(Tafasca et al., 2024) encoder and the Social Gaze Predictor. First, Sharingan processes the
scene and head crops to produce both image and person tokens. These tokens are then used
as input to a ViT encoder (Dosovitskiy et al., 2020), which produces a set of person tokens
encoding gaze and attention information. The resulting tokens are passed to both the gaze
target regression decoder and the Social Gaze Predictor. The latter consists of an optional
Graph Attention Network and task-specific decoders to predict different social gaze behaviors.
More precisely, the graph updates person node features (along with speaking status, when
available) to jointly model person-person (or multimodal) interactions, while the task-specific
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decoders operate on pairs of the resulting node embeddings. We detail each component
below.

Sharingan

Sharingan is a hybrid CNN–Transformer that extends the standard ViT (Dosovitskiy et al., 2020)
for gaze following. The input to the transformer is a set of image tokens and person gaze tokens.
The image tokens are computed using standard patchification and linear projection, with
added positional encodings. The person gaze tokens are obtained by feeding input heads and
their bounding boxes to a Gaze Encoder. In this module, a CNN backbone processes the head
crops to produce gaze embeddings. These embeddings are used to predict a 2D gaze vector
and are also linearly projected into gaze tokens. Simultaneously, the head bounding boxes are
linearly projected to match the transformer token dimensions. This location information is
added to the gaze tokens to form the final person tokens.

All tokens (image and person) are fed to a ViT encoder composed of standard transformer
blocks. This allows the image and person tokens to interact via self-attention, updating the
person tokens with gaze-relevant scene context. The output tokens xoutcorresponding to the
input person tokens are passed to the Social Gaze Predictor and other decoders to predict
pairwise social gaze labels, individual 2D gaze points, and in-vs-out-of-frame classification.
We refer readers to the original paper (Tafasca et al., 2024) for full architectural details.

Social Gaze Predictor

We explore two approaches for social gaze prediction. In the first, we explicitly model interac-
tions between people by passing Sharingan’s output tokens through a Graph Module, followed
by task-specific decoders. In the second, we bypass the graph and directly pass pairs of person
tokens to the task-specific decoders.

Graph Module. Our goal is to model all person-to-person interactions, including multimodal
cues such as speaking status. This allows the model to reason over socially consistent con-
figurations (e.g., a person cannot be in mutual gaze with two others at the same time). We
use a Graph Attention Network (GAT) (Veličković et al., 2018; Brody et al., 2022) where the
nodes are the person tokens xoutfrom Sharingan. The graph is fully connected, and each node
i aggregates information from all others j using attention weights Æi j :

xgr
i =Æi i Ws +

NX

j=1, j 6=i
Æi j (Wgrxout

j ), (6.1)

ei j = sTLeakyReLU(Ws xout
i +Wgrxout

j ), (6.2)

Æi j =
exp(ei j )

PN
k=1 exp(ei k )

. (6.3)
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Here, s, Ws , and Wgr are learnable parameters. Although the graph is fully connected and
could be implemented as a Transformer, we found the GAT to generalize better due to its lower
parameter count and reduced tendency to overfit.

Speaking Status. In long videos, speaking status can be estimated from head trajectories (Min
et al., 2022). We incorporate this into the model by transforming the score into an embedding
s, which is added to the person token before graph processing: xout +s.

Task-Specific Decoders. While the graph models interactions globally, the final predictions
are made by task-specific decoders, each processing concatenated node pairs. These decoders
are implemented as MLPs that operate on xgr

i ©xgr
j .

ei! j = EL AH (xgr
i ©xgr

j ), (6.4)

ei$ j = EL AEO(xgr
i ©xgr

j ), (6.5)

ci , j =C (xgr
i ©xgr

j ), (6.6)

where ei! j indicates if i is looking at j , ei$ j indicates mutual gaze, and ci , j denotes shared
attention.

Loss Definition and Model Details

Loss. We train the model using a weighted sum of the following task-specific binary cross-
entropy losses:

L =∏L AH LL AH +∏L AEOLL AEO +∏S ALS A +∏i oLi o

where LL AH , LL AEO , and LS A correspond to the LAH, LAEO, and SA tasks, respectively, and
Li o is the in/out-of-frame classification loss. Each loss is computed over all pairs of people
and then averaged.

While we could also train the gaze target location prediction loss, we found that doing so
provided no performance gain on either gaze or social gaze tasks—likely due to the small size
of social gaze datasets compared to GazeFollow. As a result, we freeze Sharingan and train
only the Social Gaze Predictor.

6.1.2 Experiments

Implementation Details. The Sharingan encoder is pre-trained on GazeFollow (Recasens
et al., 2017), following the protocol described in (Tafasca et al., 2024). For all experiments, we
keep its weights frozen. Note that we use the version that predicts 2D points and not heatmaps
as it was not available at the time of writing the paper. The Graph Module is implemented as a
GAT (Brody et al., 2022) with two message passing layers, and the Task-Specific Decoders are
implemented as three-layer MLPs with residual connections.
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Chapter 6. Unifying Gaze Following and Social Gaze Prediction

Inputs. Both the scene image and head crops are provided at a resolution of 224£224.

Speaking Status. We re-train a state-of-the-art speaker detection model (Min et al., 2022) using
the AVA-ActiveSpeaker dataset (Roth et al., 2020), relying solely on the visual modality. The
trained model is then used to generate speaking status predictions on our datasets.

Datasets. At the time of writing, no single dataset included annotations for all social gaze
tasks. We therefore train using separate datasets for each task:

• VideoAttentionTarget (Chong et al., 2020b): LAH labels are generated following the
protocol in Section 3.4.

• UCO-LAEO (Marin-Jimenez et al., 2014): We use the LAEO annotations as described in
(Section 3.3.1).

• VideoCoAtt (Fan et al., 2018): We use the SA annotations as described in Section 3.3.2.

Two notable exceptions, VACATION (Fan et al., 2019) and GP-static (Chang et al., 2023), contain
annotations for multiple social gaze behaviours. However, VACATION assigns only a single
gaze “state” to each person per frame, even when multiple behaviours (e.g., LAEO and SA)
occur simultaneously (see Figure 2.6). This limitation reflects model design choices discussed
in Section 2.3. In contrast, GP-static only considers dyadic communication and was not
available at the time of our study.

Training. During training, we randomly sample up to six people per scene to enable batch
processing. At test time, we process all detected individuals with a batch size of one. The
optimization details for each task are given below:

VideoAttentionTarget. We train for 12 epochs using the AdamW optimizer (Loshchilov and
Hutter, 2018) with a learning rate of 3e°4. The loss coefficients are set as ∏L AH = 10, ∏i o = 2,
and ∏L AEO =∏S A = 0.

UCO-LAEO & VideoCoAtt. We train for 20 epochs with the AdamW optimizer using learning
rates of 3e°5 (UCO-LAEO) and 1e°3 (VideoCoAtt). Only the relevant binary cross-entropy loss
for the task is used; other losses are set to zero.

Metrics. We report Area Under the ROC Curve (AUC) and Average Precision (AP) based on the
Precision-Recall curve for all tasks, as described in Section 4.2.2.

Tested Models

Post-processing Baselines. We evaluate three Gaze Following models—Chong et al. (Chong
et al., 2020b), Tonini et al. (Tonini et al., 2022), and Sharingan (Tafasca et al., 2024)—as base-
lines for social gaze prediction. Chong et al.is a strong and widely used baseline; Tonini et
al.represents a recent state-of-the-art approach; and Sharingan is the current state-of-the-art
and serves as our model’s backbone. We post-process their gaze predictions following the
protocol described in Section 4.2.1.
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6.1 Sharingan Social

Model AUCL AH " APL AH "
Ours-MLP 0.724 0.896
Ours-MLPspk 0.738 0.906
Ours-Graph 0.733 0.902
Ours-Graphspk 0.722 0.893

Table 6.1: Results for LAH on VAT. Best re-
sults are given in bold.

Model AUCS A " APS A "
Chong et al. (2020b) 0.695 0.297
Tonini et al. (2022) 0.715 0.300
Sharingan (Tafasca
et al., 2024)

0.760 0.301

Ours-MLP 0.896 0.594
Ours-Graph 0.890 0.604

Table 6.2: Results for SA on VideoCoAtt.
Best results are given in bold.

Model AUCL AEO " APL AEO "
LAEO-Net (Marin-
Jimenez et al., 2014)

- 0.795

Doosti et al. (2021) - 0.651
Chang et al. (2023) - 0.803
Ours-MLP 0.986 0.957
Ours-Graph 0.981 0.946

Table 6.3: Results for LAEO on UCO-LAEO.
Best results are given in bold.

Figure 6.3: Prec-Recall curve for LAH on
VAT.

Figure 6.4: Prec-Recall curve for LAEO on
UCO-LAEO.

Ours-MLP. This variant feeds the output person tokens from Sharingan directly to the task-
specific decoders, without updating them via a Graph Module.

Ours-Graph. Here, the Sharingan output tokens are first updated using the Graph Module
before being passed to the task-specific decoders. To ensure fair comparison, we match the
number of parameters between the MLP and Graph variants.

Speaking. We evaluate the impact of augmenting both MLP and Graph-based models with
predicted speaking status information. These variants are denoted by the subscript spk.

6.1.3 Results

VideoAttentionTarget. Our results for LAH performance on VideoAttentionTarget are summa-
rized in Table 6.1. We observe that Ours-Graph provides modest gains over Ours-MLP, with
an improvement of approximately 1 point in AUC and 0.6 in AP. It also matches or exceeds
the performance of the post-processing baselines Tonini (Tonini et al., 2022) (Prec.=0.900,
Recall=0.718) and Sharingan (Tafasca et al., 2024) (Prec.=0.919, Recall=0.587), as seen in
the precision-recall curve in Fig. 6.3. However, the Chong baseline (Chong et al., 2020b)
(Prec.=0.919, Recall=0.735) slightly outperforms both of our models.
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VideoCoAtt. Results for SA performance on the VideoCoAtt dataset are presented in Table 6.2.
Ours-Graph achieves the highest AP, outperforming all post-processing baselines. However, it
slightly underperforms Ours-MLP in terms of AUC. For the shared attention target localization
metrics, Sharingan (Tafasca et al., 2024) demonstrates superior performance (Dist: 0.116, Acc:
0.665), followed by Chong (Chong et al., 2020b) (Dist: 0.139, Acc: 0.579) and Tonini (Dist: 0.127,
Acc: 0.452). Since the gaze decoder is frozen during SA training, the distance and accuracy
scores for both Ours-MLP and Ours-Graph remain fixed at Dist=0.116 and Acc=0.665.

UCO-LAEO. Table 6.3 summarizes our results on the UCO-LAEO dataset. Ours-MLP achieves
the best overall performance, establishing a new state of the art, while Ours-Graph per-
forms slightly below it. Given that most frames in UCO-LAEO contain only two people, the
graph-based modeling offers limited additional benefit. The precision-recall curve in Fig. 6.4
confirms that both of our models outperform all baselines, including Chong (Chong et al.,
2020b) (Prec.=0.791, Recall=0.832), Tonini (Tonini et al., 2022) (Prec.=0.790, Recall=0.771), and
Sharingan (Tafasca et al., 2024) (Prec.=0.842, Recall=0.794).

Speaking Status. Preliminary results for including speaking status in LAH prediction are
reported in Table 6.1. For Ours-MLP, we observe an improvement of roughly 1 point in both
AUC and AP, indicating that speaking cues can enhance performance. Conversely, for Ours-
Graph, incorporating this information slightly degrades performance by about 1 point. These
findings suggest that while speaking status is a promising signal for social gaze inference, more
work is needed to model and integrate it effectively.

Gaze Following Metrics vs Social Gaze Metrics. A key observation is that better performance
on standard gaze following metrics does not necessarily translate to improved social gaze
prediction. For instance, Tonini (Tonini et al., 2022) outperforms Chong (Chong et al., 2020b)
on gaze following, but underperforms it for both LAH and LAEO (see Figures 6.3 and 6.4).
Similarly, while Sharingan (Tafasca et al., 2024) achieves the best gaze following results overall,
it underperforms Chong for LAH. This discrepancy is often due to models predicting salient
nearby objects or individuals instead of the correct gaze target, an issue not captured by
standard gaze metrics but revealed by semantic social gaze metrics.

Qualitative Results.

Figure 6.5 shows qualitative predictions from Ours-Graph. The model successfully captures
social gaze across diverse scenarios, including cases where the face is not visible. However,
it occasionally fails to detect subtle gaze cues from the eyes, resulting in missed or incorrect
predictions.

6.1.4 Conclusion

In this work, we proposed a unified model for Gaze Following and social gaze prediction,
focusing on the tasks of looking at heads (LAH), mutual gaze (LAEO), and shared attention
(SA). Unlike previous approaches that rely on task-specific architectures or post-processing of
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Figure 6.5: Sample qualitative results from the test sets. Left: SA (VideoCoAtt). Middle: LAEO
(UCO-LAEO). Right: LAH (VideoAttentionTarget). Shapes of the same color indicate a positive
instance (e.g., shared attention). Orange and Pink denote different true positives. Dashed
white lines indicate false negatives, and Dashed red lines indicate false positives. For LAH, the
source person is shown with a bounding box and the predicted target with a circle.

gaze predictions, our model leverages rich person-level representations from the Sharingan
encoder—pretrained on gaze following—and is explicitly trained for social gaze tasks.

Our experiments demonstrate improved performance across multiple public benchmarks
compared to post-processing baselines. Interestingly, results indicate that updating the per-
son tokens with a Graph Module does not consistently outperform the MLP variant when
matched for parameter count. This may be due to the strong self-attention capabilities of
Sharingan, which already models scene-level and inter-person interactions. We also observed
oversmoothing effects in the graph network, which necessitated careful architectural de-
sign such as incorporating skip connections to mitigate the issue (effectively resembling a
transformer). However, these measures may not have been sufficient to fully prevent the
degradation.

Finally, we explored the integration of speaking status as a multimodal signal and observed
modest performance improvements for LAH in the MLP variant. This suggests promise for
future work on incorporating auxiliary cues into social gaze estimation. In the next work, we
address some of these limitations by introducing a new transformer architecture capable of
jointly modelling all tasks while also incorporating temporal information.

6.2 MTGS

The Sharingan Social model demonstrated that gaze following representations can serve as
an effective foundation for training social gaze prediction models. A natural next step is to
ask whether joint training across all tasks—gaze following, LAH, LAEO, and SA—can provide
mutual benefits and lead to improved performance. Another key limitation of most existing
methods is their reliance on static images. Temporal dynamics, such as coordinated head
and gaze movements (Sheikhi and Odobez, 2015), can offer critical cues for inferring gaze
direction, particularly when the eyes are occluded or poorly visible (Nonaka et al., 2022).
However, the absence of appropriate datasets-temporal and with annotations covering all
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Figure 6.6: MTGS is a unified framework for jointly modeling gaze following and social gaze
behaviors, including Looking at Humans (LAH), Looking at Each Other (LAEO), and Shared
Attention (SA). For each individual, the predicted social gaze relations are listed alongside the
corresponding person IDs (e.g., in Frame 1, Person 2 shares attention with Person 4).

social gaze tasks-has hindered progress in this direction.

The Sharingan Social model also had several architectural limitations. All person and scene
tokens are processed uniformly by the ViT encoder, which may bias attention toward scene
content and underrepresent person–person interactions. Moreover, since scenes typically
remain static over short video segments, temporal modeling may be more effective when
applied to person-level representations. Finally, while Sharingan Social employed a GAT
module to capture pairwise relationships, like many GNNs, it was prone to oversmoothing.

In this work, published in Gupta et al. (2024b), we propose MTGS (Multi-person, Temporal
Gaze Following and Social Gaze Prediction), a new architecture that addresses these limitations
to jointly model all tasks (Figure 6.6). Our contributions are as follows:

• We introduce a novel dual-branch transformer architecture that separately encodes
person and scene tokens, allowing them to interact via cross-attention. This separation
enables: 1) explicit modelling of person-person interactions, 2) temporal modeling at
multiple stages within the person branch—from gaze direction to target prediction.

• We leverage the VSGaze dataset (Section 3.4), introduced in the same paper, to jointly
train for both gaze following and social gaze prediction. Importantly, we show that these
tasks are complementary: training for one improves performance on the other.

• In an unpublished extension, we show that incorporating a recent foundation model for
scene encoding (DINOv2 (Oquab et al., 2023)) further enhances performance. Our final
architecture achieves state-of-the-art results for both gaze following and social gaze
prediction (LAH, LAEO, and SA).

6.2.1 Method

Our approach is illustrated in Fig. 6.7. It takes as input a sequence of t = 1. . .T frames, as well
as the head bounding box tracks Bi ,1:T and corresponding head crops Ihead

i ,1:T which are assumed
to have been extracted for each of the i = 1. . . Np persons. The outputs are the sequence of
gaze heatmaps Hi ,1:T and in-out gaze labels oi ,1:T for each person i , as well as the sequence of
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Figure 6.7: Proposed architecture for multi-person temporal gaze following and social gaze
prediction. See approach overview in Section 6.2.1.

per-frame pair-wise social gaze labels for each task and pair i , j 2 {1 . . . Np }: ei! j ,1:T for LAH,
ei$ j ,1:T for LAEO, and ci , j ,1:T for SA.

The model proceeds as follows. First, each frame t is processed by a standard ViT tokenizer to
produce the set of patch-wise frame tokens ft , resulting in a sequence of frame tokens f1:T . In
parallel, the Person Module processes the sequence of head crops from each person i using
the Temporal Gaze Processor, and the resulting sequence outputs are then tokenized at each
frame along with the bounding box locations to produce the sequence of person token pi ,1:T .
Secondly, the Interaction Module jointly processes the frame and person tokens, iteratively up-
dating them at each time step through person-scene cross-attention interaction components
and scene ViT self-attention, and in time through person spatio-temporal social interaction
components. Finally, the Prediction Module processes at each time step the resulting frame
and person tokens (from multiple blocks) to infer the sequence of gaze heatmaps and in-out
gaze labels for each person, as well as pair-wise social gaze labels. We detail the three modules
in the next sections.

Person Module

This module aims to model person-specific information relating to gaze and head location.

Temporal Gaze Processor. It aims to capture all gaze-related information (direction, dynam-
ics). First, individual head crops Ihead

i ,t are processed by a Gaze Backbone Gb to produce gaze
embeddings according to gstat

i ,t =Gb(Ihead
i ,t ). Then, to model the gaze dynamics of a person, we

rely on a Temporal Gaze Encoder Gtemp to process the sequence gstat
i ,1:T of gaze embeddings

plus learnable temporal position embeddings z1:T and obtain their temporal counterparts:
gtemp

i ,1:T = Gtemp(gstat
i ,1:T + z1:T ). Gtemp is implemented as a single Transformer layer with self-

attention. Finally, to supervise the learning of relevant gaze embeddings, we attach a Gaze
Vector Decoder that predicts a person’s 2D gaze vector at each time step, gp

2D i ,t =Gh(gtemp
i ,t ),

where Gh is implemented as a 2-layer MLP.
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Person tokenization. The person tokens are obtained by projecting the temporal gaze em-
beddings and normalized 4d head box locations using learnable linear layers (Pgaze and Pbox

respectively) to tokens of same dimension than frame token, and adding them together:

pi ,t =Pgaze(gtemp
i ,t )+Pbox(Bi ,t ). (6.7)

Interaction Module

The Interaction module aims at modeling the exchange of information between persons and
the scene at each time step, as well as the spatio-temporal social interactions between people.
One important goal of this process is to align the person and frame token representations so
that (i) person-specific gaze heatmaps can be predicted from the set of output frame tokens
and each person output token; (ii) in-out gaze and social gaze prediction can be made from
the person tokens.

To do so, we designed the module to consist of B blocks, each comprising Person-Scene
Interaction and Spatio-Temporal Social Interaction components. The input to the first block
is the set of person tokens p1:Np ,1:T from the Person Module, and the frame tokens f1:T . Each
block then processes the set of output1 person tokens po,b-1

1:Np ,1:T and output frame tokens fo,b-1
1:T

from the previous block, and returns updated tokens after a series of self/cross-attention
layers through the components.

Person-Scene Interaction. This component models the interactions between people and
the scene and can capture inferring gaze to scene objects or body parts like hands or exploit
some global context. It is inspired by ViT-Adaptor (Chen et al., 2022) which has shown good
performance for dense prediction tasks when relying on pretrained models and small amounts
of data for the target task. It proceeds in 3 steps:

1. People-to-Scene Encoder I
b

ps: it updates the frame tokens with person information

relevant to gaze by processing the frame tokens fo,b-1
t and frame-level person tokens

po,b-1
1:Np ,t according to fp,b

t =I
b

ps(fo,b-1
t ,po,b-1

1:Np ,t ). It is implemented as a single Transformer

layer with cross-attention, where fo,b-1
t generate the queries and po,b-1

1:Np ,t generate the
keys and values.

2. The updated frame tokens fp,b
t pass through the standard set of of ViT layers Vb to

process the scene information, resulting in the output frame tokens for the block b:
fo,b

t = Vb(fp,b
t ).

3. Scene-to-People Encoder I
b

sp: it updates the person tokens so that they capture location
information related to the salient items they are probably looking at. It works by pro-
cessing the frame-level person tokens po,b-1

1:Np ,t and obtained frame tokens fo,b
t according

to: ps,b
1:Np ,t =I

b
sp(po,b-1

1:Np ,t , fo,b
t ).

1Note that the superscript {o, p, s} do not represent indices, but intermediate token updates within a block b.
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(a) (b)

Figure 6.8: The standard DPT (a, taken from (Ranftl et al., 2021)) and the person-conditioned
re-assemble stage from Tafasca et al. (2024) (b). This transformed DPT is used for predicting
gaze heatmaps for each person in the scene.

It is also implemented as a single Transformer layer with cross-attention, where the set po,b-1
1:Np ,t

generates the queries and fo,b
t generates the keys and values.

Spatio-temporal Social Interaction. This component allows the sharing of information
between people and of the alignment of their representations for social gaze prediction. This
also include modeling the temporal evolution of individual tokens. To achieve this, a Social
Encoder I

b
pp first processes and updates the frame-level person tokens ps,b

1:Np ,t to capture

interactions between people at each frame, according to: pp,b
1:Np ,t =I

b
pp(ps,b

1:Np ,t ). It is followed

by a Temporal Person Encoder I
b

pt that processes the updated person token sequences pp,b
i ,1:T

of each person i and updates them to capture temporal patterns of attention, resulting in the
output person tokens for the block: po,b

i ,1:T =I
b

pt(pp,b
i ,1:T ). Both I

b
pp and I

b
pt are implemented as

a single Transformer layer with self-attention.

Prediction Module

The Prediction Module processes the set of output person {po,b
1:Np ,1:T } and frame {fo,b

1:T } tokens
from all Interaction Module blocks to predict the person-specific gaze heatmaps and in-out
labels, as well as the pair-wise social gaze labels.

Gaze Heatmap Prediction.

Here, we follow the model introduced in (Tafasca et al., 2024) which takes inspiration from
the DPT decoder (Ranftl et al., 2021) for dense prediction tasks, and adapts it to handle
multiple heatmap predictions from the same ViT outputs. This is performed by conditioning
the decoding on each person’s token. The standard DPT decodes the image features from
multiple layers of a ViT in a Feature Pyramid Network (Lin et al., 2017) style. It works by fusing
at block level b the feature maps from level b+1 after an upsampling stage, and the feature
maps computed by a reassemble stage from the ViT output of block b. We aim to apply this
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approach to the frame tokens {fo,b
1:T ,b = 1 : B}, but conditioned on a specific person. In our

model, this is achieved through a modification in the reassemble stage, in which the image
feature maps produced by the standard reassemble stage are multiplied at every location
(using a Hadamard product) with the projected person token po,b

i ,t of that same block level. The
gaze heatmap Hi ,t for each person at each frame is thus obtained as:

Hi ,t =D({(fo,b
t ,po,b

i ,t ),b = 1 : B}) (6.8)

where D denotes this conditional DPT. See Figure 6.8 and (Tafasca et al., 2024) for details.

Social Gaze Prediction. This decoder processes the person tokens from all B Interaction
Module blocks to predict the social gaze label for every pair of people in every frame. In
practice, the B tokens {po,1

i ,t . . .po,B
i ,t } corresponding to a single person in a frame are linearly

projected and concatenated to produce a multi-scale person token pms
i ,t . Then, to predict a

social gaze label, pairs of these tokens are concatenated and processed by the decoders E
for LAH and C for SA (illustrated through the Pairwise Instance Generator in Fig. 6.7). Their
outputs are the predicted LAH score ei! j ,t for person i looking at j , and the predicted SA
score ci , j ,t for i , j .

ei! j ,t = EL AH (pms
i ,t ,pms

j ,t ) and ci , j ,t =C (pms
i ,t ,pms

j ,t ). (6.9)

EL AH and C are implemented as 3-layer MLPs with residual connections. For LAEO, both peo-
ple i , j need to be looking at each other for a positive label, and either one can be looking away
for a negative label. Hence, we simply compute the LAEO score ei$ j ,t as min(ei! j ,t ,e j!i ,t ).

In-Out Prediction. This decoder O processes the multi-scale person tokens pms
i ,t to predict at

every frame whether people are looking inside the frame or outside the frame, as oi ,t =O (pms
i ,t ),

where O is implemented as a 5-layer MLP with residual connections.

Losses

The total loss L is a linear combination of the gaze heatmap loss Lhm , gaze vector loss Ldi r ,
social gaze losses LL AH ,LS A and the in-out loss Li o :

L =∏hmLhm +∏di r Ldi r +∏L AH LL AH +∏S ALS A +∏i oLi o (6.10)

L is applied at each time step per person for Lhm ,Ldi r ,Li o , and per pair for LL AH ,LS A . All
losses are standard: Lhm is defined as the pixel-wise MSE loss between the GT and predicted
heatmaps, Ldi r as the cosine loss, and the social gaze and in-out losses as binary cross-
entropy losses. Since LAEO is inferred from LAH predictions (Sec 6.2.1), we do not have any
LAEO loss.
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6.2.2 Experiments

Datasets. We leverage the GazeFollow dataset, extended with LAH annotations using the
protocol detailed in Section 3.4, for pre-training. Its diversity makes it a strong candidate for
pre-training, though it is a static dataset and lacks annotations for LAEO and SA.

We then fine-tune our models on VSGaze (Section 3.4) to enable temporal modeling and joint
training across all gaze following and social gaze tasks. Additionally, we perform fine-tuning
and evaluation on its constituent datasets: VideoAttentionTarget (Section 3.1.2), ChildPlay
(Section 3.1.3), UCO-LAEO (Section 3.3.1), and VideoCoAtt (Section 3.3.2).

Training and Validation. Following standard practice (Chong et al., 2020b; Fang et al., 2021;
Gupta et al., 2022), we first train a static version of our model—i.e., without temporal attention
subnetworks Gtemp and I

b
pt —on GazeFollow. This model is trained for 20 epochs with a

learning rate of 1£10°4, and the resulting weights are used to initialize our temporal model.

The temporal model is then trained on VSGaze for 20 additional epochs with a learning rate
of 3£10°6, while freezing the ViT V . For validation, we use the official splits for UCO-LAEO,
VideoCoAtt, and ChildPlay, and the splits proposed by Tafasca et al. (Tafasca et al., 2023b) for
GazeFollow and VAT.

For all experiments, we use a temporal window of T = 5 frames with a stride of 3. To enable
batch training, we randomly sample up to Np = 4 people per scene (padding if necessary). At
test time, we evaluate with a batch size of 1 and consider all visible people. The Interaction
Module consists of B = 4 blocks, interacting with the ViT at layers {2,5,8,11}.

Implementation Details. The Gaze Backbone Gb is a ResNet-18 pretrained on Gaze360 (Kellnhofer
et al., 2019), and processes head crops at a resolution of 224£224. The scene is processed using
a ViT-base model V (Arnab et al., 2021) initialized with MultiMAE weights (Bachmann et al.,
2022), also at a resolution of 224£224. The temporal position embedding z is zero-initialized,
and all other new layers are randomly initialized.

We train using the AdamW optimizer (Loshchilov and Hutter, 2018) with warm-up and cosine
annealing. The loss coefficients are set to: ∏hm = 1000, ∏di r = 3, ∏i o = 2, and ∏L AH =∏S A = 1.
To address class imbalance between positive and negative social gaze labels, we upweight
positive samples by a factor of 2.

All models are trained on a single NVIDIA RTX 3090 GPU (24GB). Each experiment takes
approximately 8 hours to train on GazeFollow or VSGaze, totaling around 140 GPU hours
across all experiments.

Metrics. We use standard gaze following metrics: AUC; Recasens et al. (2015), Distance, and
In-Out AP as defined in Section 4.1.

For social gaze, we follow the inference protocol described in Section 4.2, computing metrics
for both the task-specific decoder outputs and post-processed gaze following predictions. In
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Method PP Dist. # APIO " F1LAH " F1LAEO " APSA "

ChongS * (Chong et al., 2020b) 3 0.121 0.918 0.778 0.562 0.288
ChongT * (Chong et al., 2020b) 3 0.130 0.956 0.764 0.529 0.331
Gupta* (Gupta et al., 2022) 3 0.119 0.929 0.784 0.590 0.335
Ours-noGF 7 - - 0.738 0.579 0.515
Ours-noSoc 3 0.111 0.945 0.802 0.598 0.339
Ours 7 0.107 0.940 0.795 0.590 0.576
Ours-PP 3 0.107 0.940 0.812 0.603 0.352

Table 6.4: Comparison against gaze following methods on VSGaze. All models were trained on
VSGaze. PP indicates social gaze predictions from post-processing gaze following outputs (3)
vs predictions from decoders (7). Best results are in bold, second best results are underlined.

particular, we threshold LAH decoder outputs at 0.5 to compute F1 scores, enabling direct
comparison with post-processed F1 scores.

6.2.3 Results

Comparison against the State-of-The Art

We compare against recent SoTA methods addressing either social gaze tasks or gaze following.
In addition, for fairness and to evaluate the impact of the VSGaze dataset, we also re-trained
on this dataset the static image based models of Chong (Chong et al., 2020b) (ChongS*) and
Gupta (Gupta et al., 2022) (Gupta*), as well as the temporal model of (Chong et al., 2020b)
(ChongT *), the only temporal gaze following model with available code.

VSGaze. The results on VSGaze are given in Table 6.4. Note that regarding our approach, for
social gaze, we compute the scores by leveraging either the predictions from the respective
task decoders (Ours), or by post-processing the gaze following outputs of our model (Ours-PP).

Compared to the baselines, we observe that our model achieves the best performance for
all tasks except for in-out gaze prediction. In particular, we achieve significant gains in the
distance and APSA metrics when leveraging the predictions from the SA decoder. The latter
highlights the importance of modeling SA as a classification task compared to post-processing
gaze following outputs, which struggles to capture whether the gaze points for a pair of people
falls on the same semantic item.

In addition, we note that better gaze following performance does not always translate to better
social gaze performance. For instance, although ChongS* has a better distance score compared
to ChongT *, it performs worse for shared attention. This effect is even more pronounced on
ChildPlay (appendix Table 6.4), and suggests the benefit of considering social gaze metrics
for better characterizing the performance of gaze following models, especially its semantic
performance. In appendix Table 6.4, we provide a breakdown of performance on each of the
component datasets of VSGaze.

State-of-the-art comparison: fine tuning on individual datasets. Table 6.5 compares our
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Method Multi AUC" Avg.Dist.# Min.Dist.#

Fang et al. (2021) 7 0.922 0.124 0.067
Tonini et al. (2022) 7 0.927 0.141 -
Jin et al. (2022) 7 0.920 0.118 0.063
Bao et al. (2022) 7 0.928 0.122 -
Hu et al. (2022b) 7 0.923 0.128 0.069
Tafasca et al. (2023b) 7 0.936 0.125 0.064
ChongS (Chong et al.,
2020b)

7 0.921 0.137 0.077

Gupta (Gupta et al.,
2022)

7 0.933 0.134 0.071

Jin et al. (2021) 3 0.919 0.126 0.076
Ours-static 3 0.929 0.116 0.059

(a) Results on GazeFollow (Recasens et al., 2017).

Method Multi Dist.# APIO "

Fang et al. (2021) 7 0.108 0.896
Tonini et al. (2022) 7 0.129 -
Jin et al. (2022) 7 0.109 0.897
Bao et al. (2022) 7 0.120 0.669
Hu et al. (2022b) 7 0.118 0.881
Tafasca et al. (2023b) 7 0.109 0.834
ChongT (Chong et al.,
2020b)

7 0.134 0.853

Gupta (Gupta et al.,
2022)

7 0.134 0.864

Jin et al. (2021) 3 0.134 0.880
Ours 3 0.105 0.869
Ours† 3 0.105 0.869

(b) Results on VAT (Chong et al., 2020b).

Method Multi Dist.# APIO "

Tafasca et al. (2023b) 7 0.107 0.986
Gupta (Gupta et al., 2022) 7 0.113 0.983
Ours 3 0.117 0.994
Ours† 3 0.113 0.993

(c) Results on ChildPlay (Tafasca et al., 2023b).

Method Dist.# APLAEO "

Marin-Jimenez et al. (2019) - 0.795
Doosti et al. (2021) - 0.762
Marín-Jiménez et al. (2021) - 0.867
Ours 0.023 0.963
Ours† 0.019 0.974

(d) Results on UCO-LAEO (Marin-Jimenez et al.,
2019).

Table 6.5: Comparison against task specific methods fine-tuned on individual datasets. Best
multi-person results are in bold, overall best results are underlined. Multi indicates multi-
person (3) vs single-person (7) gaze following methods. Ours is initialized from training on
GazeFollow, while Ours† is initialized from training on VSGaze.

model against task specific methods. For GazeFollow, we use our static model (Ours-static)
that was trained on GazeFollow and used to initialize our model trained on VSGaze. For the
video datasets, as SoTA methods were trained (or finetuned) on individual datasets, for fairness
we also fine-tune our model on these datasets, investigating two initialization alternatives:
either from the model trained on GazeFollow (Ours), or from the model trained on VSGaze
(Ours†). Note that we are unable to compare against previous results for VideoCoatt due to
our new pair-wise evaluation protocol that better captures SA performance (Sec 4.2).

On GazeFollow and VAT, our model outperforms the only other comparable multi-person
gaze following model of Jin (Jin et al., 2021). It also achieves competitive or better results
to single-person methods, even those leveraging auxiliary modalities such as depth (Fang
et al., 2021; Tonini et al., 2022; Bao et al., 2022; Jin et al., 2022; Hu et al., 2022b; Tafasca et al.,
2023b). Importantly, on the social LAEO task, we set the new state of the art on UCO-LAEO, far
outperforming methods designed specifically for LAEO (Marin-Jimenez et al., 2019; Marín-
Jiménez et al., 2021; Doosti et al., 2021).

We also note that fine-tuning using the VSGaze model initialization can improve results
compared to the standard protocol of fine-tuning after training on GazeFollow (ex. distance
on ChildPlay and APLAEO on UCO-LAEO). This suggests that training on VSGaze can leverage
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the complementary knowledge provided by the different tasks and datasets, which follows
observations made in other works addressing multi-task training (Ci et al., 2023).

Analysis

Impact of Architecture. Comparing the performance of our model with no social gaze losses
(Ours-noSoc) against the baselines (Table 6.4), we see that it already performs on par or better
than them while being much more efficient as it processes the image only once for all people
in the scene. It also serves as a strong gaze following baseline to compare performance against.

Impact of Social Gaze Loss. Our architecture can further benefit from the social gaze losses,
showing improved gaze following performance and social gaze prediction (Ours and Ours-PP,
Table 6.4). In particular, we observe significant gains for the SA compared to Ours-noSoc.
Interestingly, the addition of the social gaze losses also better aligns the gaze following outputs
for social gaze prediction. Comparing Ours-PP and Ours-noSocial, we see that performance
for all social gaze tasks is improved.

Impact of Gaze Following Loss. We additionally train our model without the standard gaze
following losses: heatmap, gaze vector and in-out (Ours-noGF, Table 6.4). Across VSGaze, we
see that performance for all social gaze tasks drops, which indicates that the gaze following
and social gaze losses provide complementary information, and using both can give improved
performance.

Impact of VSGaze. When comparing the performance of the models trained on VSGaze
(appendix Table 6.7) against their versions fine-tuned on individual datasets (Table 6.5), we
see that the fine-tuned models always perform better. This is because fine-tuning allows the
models to learn dataset specific priors (ex. more LAH cases in VAT, Table 3.3). For instance,
on VAT, Gupta* has a distance score of 0.138 when trained on VSGaze, compared to a score
of 0.134 when directly fine-tuned on VAT. Also, our model has a distance score of 0.112 when
trained on VSGaze, and a score of 0.105 when fine-tuned on VAT. This highlights the challenge
in leveraging multiple datasets: while we may expect better performance by having more data,
the different priors and statistics bring additional difficulties. Nevertheless, our model trained
on VSGaze is able to achieve strong performance across all datasets.

Impact of temporal information. Comparing the static and temporal versions of our model
trained on VSGaze, we observe improvements in performance for shared attention (0.555
vs 0.576, Tab. 6.8 in the appendix), and similar or slightly improved performance for other
metrics. This is in contrast with ChongT , which often has lower performance than ChongS (for
distance, LAH and LAEO metrics in Table 6.4). These results follow observations from prior
work (Section 2.2) and highlight the challenge in leveraging temporal information for gaze
following. We provide a detailed analysis in appendix Section 6.4.
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Method Res. AUC" Avg.Dist.# Min.Dist.#

Gaze-LLE (Ryan et al.,
2025)

448 0.956 0.104 0.045

MTGS-static 224 0.929 0.116 0.059
MTGS-DINO-static 224 0.944 0.101 0.045
MTGS-DINO-static 448 0.949 0.098 0.043

(a) Results on GazeFollow (Recasens et al., 2015).

Method Res. Dist. # APIO "

Gaze-LLE (Ryan et al.,
2025)

448 0.107 0.897

MTGS-static 224 0.114 0.843
MTGS-DINO-static 224 0.102 0.852
MTGS-DINO-static 448 0.096 0.878

(b) Results on VAT (Chong et al., 2020b).
MTGS models were trained on VSGaze and
not further finetuned on VAT.

Method Res. Dist. # APIO " F1LAH (PP)" F1LAEO (PP)" APSA "

MTGS-static 224 0.108 0.946 0.806 0.599 0.555
MTGS-DINO-static 224 0.096 0.951 0.833 0.624 0.551
MTGS-DINO-static 448 0.089 0.960 0.832 0.621 0.595

(c) Results on VSGaze. We provide results for LAH and LAEO using the post-processing approach.

Table 6.6: Performance of MTGS with a DINOv2 (Oquab et al., 2023) backbone for scene
encoding. We observe consistent improvements across all metrics, surpassing the previous
state of the art, Gaze-LLE (Ryan et al., 2025). Results are reported for different scene input
resolutions (Res.).

6.2.4 Leveraging DINOv2 Representations

In this unpublished extension, we investigate the benefits of leveraging recent foundation
models, specifically DINOv2, to improve the performance of MTGS. A recent gaze following
method, Gaze-LLE (Ryan et al., 2025), demonstrated state-of-the-art performance by using a
frozen DINOv2 scene encoder. We evaluate whether a similar approach can enhance our own
model.

To this end, we initialize the ViT encoder (V ) with DINOv2 weights instead of the MultiMAE
weights (Bachmann et al., 2022) used in earlier experiments. We follow the same training
protocol described in Section 6.2.2, first pretraining on GazeFollow and then fine-tuning on
VSGaze. Throughout this process, the ViT encoder remains frozen.

Results are presented in Table 6.6. We observe consistent improvements across all metrics,
allowing us to outperform Gaze-LLE and set a new state of the art. We also experiment with
different scene input resolutions. We see that increasing the resolution further improves per-
formance on the distance and in–out metrics. The observed improvement for SA performance
in Table 6.6c is likely due to using a lower learning rate for the SA decoder in the 224£224
experiment compared to the 448£448 setting. Note that all results in the tables are using the
static version of MTGS. We also trained a temporal version but did not see much improvement
compared to the static version, potentially due to hyperparameter tuning, but also due to the
challenges detailed in Section 6.4.
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6.2.5 Conclusion

In this work, we proposed a new framework for multi-person, temporal gaze following and
social gaze prediction. Building on limitations identified in Sharingan Social, our approach
introduces a dual-branch transformer architecture for person and scene encoding, explicitly
incorporating person interactions and enabling targeted temporal modeling within the person
branch.

A key strength of our method lies in its ability to perform joint training across gaze follow-
ing and multiple social gaze tasks (LAH, LAEO, SA), leveraging the VSGaze dataset to learn
from diverse supervision sources in a unified manner. Through extensive experiments, we
demonstrated that our model can achieve strong gaze following and social gaze prediction
performance across component datasets of VSGaze. Notably, joint training across tasks leads
to mutual benefits—improving social gaze performance through gaze following and vice versa.
The model can also be further fine-tuned on specific datasets to optimize for targeted de-
ployment scenarios. Finally, we show that integrating DINOv2 scene representations further
improves performance, establishing a new state of the art for gaze following.

Our approach thus represents a step forward in unified gaze modeling, bridging spatial,
temporal, and social dimensions in a cohesive framework.

6.3 Conclusion

In this chapter, we advanced the task of gaze prediction through a series of methods that
progressively unify gaze following and social gaze understanding. We began by demonstrating
how representations learned for gaze following can be leveraged to support higher-level social
gaze tasks. Building on this, we proposed a novel, temporal, multi-person transformer archi-
tecture (MTGS) capable of jointly modeling gaze following and social gaze behaviors—namely,
looking at heads (LAH), mutual gaze (LAEO), and shared attention (SA). Our design supports
targeted temporal modeling, interaction-aware person encoding, and unified training across
tasks using the VSGaze dataset.

Experimental results confirmed that the tasks benefit from being trained jointly, with improve-
ments in both spatial and semantic gaze performance. Our model generalizes well across
datasets with diverse visual and interaction statistics, while still allowing targeted fine-tuning
for specific domains.

In the following chapters, we extend this framework in two directions. First, we explore
how gaze-relevant contextual cues can be extracted using vision-language models (VLMs)
and integrated into MTGS to increase robustness (Chapter 7). Second, we demonstrate the
application of MTGS to naturalistic child–adult interaction data to (Chapter 9).
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6.4 Appendix

In this section, we provide some additional analysis and ablations of MTGS. Unless specified,
all experiments and visualizations here use LAH and LAEO predictions obtained via the post-
processing strategy, and SA predictions from the corresponding decoder. This is because
post-processing gaze following outputs for LAH and LAEO ensures that outputs for these
three tasks align. We also observe slightly better performance for LAH and LAEO using the
post-processing approach compared to using the predictions from their respective decoders
(Table 6.4, Ours-PP vs Ours).

Breakdown of Results on VSGaze

We provide a breakdown of results on VSGaze by component dataset in Table 6.7. Note
that following the results in the main paper, LAH and LAEO results for Ours-noGF and Ours
are obtained from their respective decoders. We can observe that performance trends on
individual datasets can differ from the aggregated results on VSGaze. For instance, although
we have a small improvement for LAH compared to the baselines across VSGaze, we perform
significantly better on ChildPlay. In general, as VideoCoAtt represents the highest number of
samples in VSGaze, it also has the highest impact.

Also on ChildPlay, once again we see that better gaze following performance does not translate
to better social gaze performance. Although Gupta* has a better distance score compared to
ChongS*, it performs significantly worse for all social gaze tasks.

Ablations

Temporal Window Length

We compare performance of our model for different temporal window lengths on VSGaze
in Table 6.8. Note that T = 1 corresponds to a static model. We observe that incorporating
temporal information can improve performance, especially in the case of shared attention.
For the other metrics performance remains comparable. As a temporal window of 9 does
not necessarily give better performance than a temporal window of 5, we use T = 5 for our
experiments.

We note that these observations are in contrast to those from the static (ChongS) and temporal
models (ChongT ) of (Chong et al., 2020b). As seen in Table 6.4, ChongT often performs worse
than ChongS , with especially lower scores for the distance and LAEO metrics. This follows
prior observations from the state of the art regarding temporal modelling for gaze following
(Section 2.2), and illustrates the challenge in leveraging temporal information.

While architecture design may be a reason for the lack of greater improvement in performance,
the data itself is an important factor. Firstly, despite the larger number of samples in VSGaze
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Dataset Method PP Dist. # APIO " F1LAH " F1LAEO " APSA "

VAT (Chong et al., 2020b)
ChongS * (Chong et al., 2020b) 3 0.132 0.798 0.785 0.486 0.288
ChongT * (Chong et al., 2020b) 3 0.137 0.843 0.783 0.479 0.332
Gupta* (Gupta et al., 2022) 3 0.138 0.795 0.766 0.518 0.300
Ours-noGF 7 - - 0.766 0.503 0.435
Ours-noSoc 3 0.121 0.847 0.812 0.557 0.440
Ours 7 0.112 0.845 0.791 0.526 0.521
Ours-PP 3 0.112 0.845 0.825 0.548 0.497

ChildPlay (Tafasca et al.,
2023b)

ChongS * (Chong et al., 2020b) 3 0.123 0.973 0.597 0.470 0.154
ChongT * (Chong et al., 2020b) 3 0.137 0.985 0.572 0.416 0.165
Gupta* (Gupta et al., 2022) 3 0.119 0.979 0.571 0.428 0.132
Ours-noGF 7 - - 0.609 0.404 0.207
Ours-noSoc 3 0.118 0.994 0.620 0.412 0.188
Ours 7 0.113 0.993 0.682 0.426 0.179
Ours-PP 3 0.113 0.993 0.651 0.436 0.216

VideoCoAtt (Fan et al.,
2018)

ChongS * (Chong et al., 2020b) 3 0.120 - 0.793 - 0.290
ChongT * (Chong et al., 2020b) 3 0.126 - 0.790 - 0.337
Gupta* (Gupta et al., 2022) 3 0.115 - 0.815 - 0.347
Ours-noGF 7 - - 0.733 - 0.524
Ours-noSoc 3 0.107 - 0.822 - 0.335
Ours 7 0.106 - 0.804 - 0.601
Ours-PP 3 0.106 - 0.825 - 0.345

UCO-LAEO
(Marin-Jimenez et al.,
2019)

ChongS * (Chong et al., 2020b) 3 0.031 - 0.986 0.811 -
ChongT * (Chong et al., 2020b) 3 0.064 - 0.941 0.774 -
Gupta* (Gupta et al., 2022) 3 0.031 - 0.989 0.859
Ours-noGF 7 - - 0.989 0.939 -
Ours-noSoc 3 0.043 - 0.978 0.840 -
Ours 7 0.027 - 0.990 0.888 -
Ours-PP 3 0.027 - 0.994 0.870 -

VSGaze
ChongS * (Chong et al., 2020b) 3 0.121 0.918 0.778 0.562 0.288
ChongT * (Chong et al., 2020b) 3 0.130 0.956 0.764 0.529 0.331
Gupta* (Gupta et al., 2022) 3 0.119 0.929 0.784 0.590 0.335
Ours-noGF 7 - - 0.738 0.579 0.515
Ours-noSoc 3 0.111 0.945 0.802 0.598 0.339
Ours 7 0.107 0.940 0.795 0.590 0.576
Ours-PP 3 0.107 0.940 0.812 0.603 0.352

Table 6.7: Comparison against gaze following methods on VSGaze and its component datasets:
VAT (Chong et al., 2020b), ChildPlay (Tafasca et al., 2023b), VideoCoAtt (Fan et al., 2018) and
UCO-LAEO (Marin-Jimenez et al., 2019). All models were trained on VSGaze. PP indicates
social gaze predictions from post-processing gaze following outputs (3) vs predictions from
decoders (7). Best results are in bold, second best results are underlined.

compared to standard video based gaze datasets, there is high redundancy between frames so
data diversity is not comparable to that of GazeFollow. Secondly, the moments where temporal
information is important, such as during gaze shifts, only form a small percentage of total
instances. Hence, improvements for predictions in these moments are not reflected in overall
metrics. For instance, gaze shifts form less than 10% of total instances in ChildPlay (Tafasca
et al., 2023b). However, in our qualitative analysis (Section 6.4) we can see situations where
temporal information helps. In future work we plan to investigate new metrics for evaluating
the performance of temporal models.
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TTT Dist. # APIO " F1LAH " F1LAEO " APSA "

1 0.108 0.946 0.806 0.599 0.555
5 0.107 0.940 0.812 0.603 0.576
9 0.106 0.943 0.811 0.590 0.563

Table 6.8: Ablations for different temporal window lengths T on VSGaze. Best results are in
bold, second best results are underlined.

Method Dist. # APIO " F1LAH " F1LAEO " APSA "

Ours-noIppt 0.108 0.937 0.806 0.612 0.547
Ours-noIsp 0.105 0.936 0.813 0.581 0.545
Ours-noIps 0.112 0.939 0.799 0.605 0.538
Ours-noDPT 0.111 0.941 0.810 0.587 0.528
Ours 0.107 0.940 0.812 0.603 0.576

Table 6.9: Ablations on different novel components of our architecture on VSGaze. Ippt refers to
the Spatio-Temporal Social Interaction component, Isp refers to the Scene-to-Person encoder,
Ips refers to the Person-to-Scene encoder and DPT refers to the gaze heatmap decoder. Best
results are in bold, second best results are underlined.

Architecture Components

We systematically remove different novel components of our architecture to analyse their
impact and provide results in Table 6.9.

Interaction Module. Removing the Person-to-Scene Interaction encoder I
b

ps (Ours-noIps)
has the largest impact on performance, especially for distance, LAH and SA. Without this
encoder, the frame tokens cannot access the person tokens, so encoding their gaze relevant
salient items is much harder. Removing the Scene-to-Person Interaction encoder I

b
sp (Ours-

noIsp ) decreases LAEO and SA performance. Without this encoder, the person tokens cannot
access the frame tokens, so they cannot capture the locations of gazed at salient items. As
the frame tokens may be able to adapt to this change, gaze following performance is not
impacted negatively. Finally, removing the Spatio-Temporal Social Interaction component
I

b
pp, I

b
pt (Ours-noIppt ) decreases LAH and SA performance. Without this component, there

is no interaction between person tokens, so identification of social dynamics is hindered.
Interestingly, we see a boost in LAEO performance. However, a major portion of LAEO positives
come from the UCO-LAEO dataset (see Table 3.3) which consists mainly of two person scenes,
so capturing social interactions may be less important.

DPT Decoder. We replace our proposed modified DPT decoder for gaze heatmap prediction
(Tafasca et al., 2024) with a simpler decoder (Ours-noDPT). This decoder projects the frame
and person tokens from the last Interaction block, performs a dot product between them, and
then upscales the output to the heatmap resolution. Using the simpler decoder results in drops
in performance for the distance, LAEO and SA metrics. Unlike the DPT, it lacks multi-scale
representations which impacts heatmap prediction and supervision of tokens.
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Dataset Method Dist. # APIO " F1LAH " F1LAEO " APSA "

ChildPlay
Ours-spk 0.114 0.993 0.657 0.448 0.314
Ours-spk‡ 0.113 0.994 0.659 0.449 0.321
Ours 0.113 0.993 0.658 0.436 0.319

VSGaze
Ours-spk 0.107 0.938 0.810 0.588 0.590
Ours 0.107 0.940 0.812 0.603 0.576

Table 6.10: Performance for incorporating people’s speaking information in our model. Best
results are in bold. ‡ indicates ground truth speaking information.

Overall, we observe that removing the components tends to impact shared attention per-
formance. This is similar to the observation in the previous section regarding temporal
information. Unlike LAH and LAEO where the target is always another person, SA is more
challenging as the shared attention target can be any person or object/point. Hence, this task
may be benefitting more from additional information or architecture components.

Incorporating Auxiliary Information

Previous studies on analyzing conversations during meetings have shown that people usu-
ally look at the other speaking participants (Stiefelhagen et al., 2002), and such cues can be
exploited for gaze target selection (Otsuka et al., 2005). Hence, we expect that identifying
speaking persons can provide better scene understanding for gaze following, and help recog-
nize attentiveness towards people, especially speakers. The latter is especially important in
autism diagnosis, as eye contact is closely monitored by the clinician when they call out to the
tested child (Edition, 2013).

Experiments and Results

To incorporate speaking information in our model, we adapt the Person Module (Section 6.2.1).
Specifically, we first obtain speaking scores for each person using an active speaker detection
model (Min et al., 2022). The model is retrained to detect speakers using the video alone and
with no audio. The obtained speaking scores si ,t for each person are linearly projected to the
token dimension using Pspk, and added to the person token. Hence, the new person token is
obtained as:

pi ,t =Pgaze(gtemp
i ,t )+Pspk(si ,t )+Pbox(Bi ,t ). (6.11)

We note that this formulation can easily be extended to incorporate other kinds of person-
specific auxiliary information such as gestures. We explore this aspect in a follow up work
where we extract gestures and other cues using vision-language models (Gupta et al., 2024c)
(see Chapter 7).

We provide results for incorporating speaking information in Table 6.10. On VSGaze, once
again we see improvements for SA while other metrics remain similar. On ChildPlay, we
observe some improvements for LAEO. In particular, using ground truth speaking information
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Figure 6.9: An illustration of the few cases where the predicted gaze point does not match with
the predicted LAH label. The uncertainty in the gaze target is reflected in the heatmap, while
the uncertainty in the LAH target is reflected in the LAH scores.

from ChildPlay-Audio (Section 3.2) gives us similar or better performance for all metrics.

As the speaker detection model tends to fail in cases with side-view faces or for children in
the case of ChildPlay (see Table 3.2), we may further benefit from a better speaker detection
model. In addition, investigating other ways to better capture and incorporate such auxiliary
information in our model is an interesting direction for future research.

Qualitative Analysis

Qualitative Results and Comparisons

We provide qualitative results from our models in Figure 6.10. We observe that all models
perform well, accurately capturing people’s gaze targets and social gaze behaviour. We also
see that incorporating temporal and speaking information can help improve predictions.

In the first sequence, the static model occasionally mispredicts person 1’s gaze target as person
2’s hands, as it cannot distinguish blinking from lowered gaze. In contrast, the temporal
models recognize blinking and correctly maintain the target as person 2’s face. In the second
sequence, the static model misses shared attention between persons 1, 2, and 3 in the first
frame, and between persons 2 and 3 in the third frame. This sequence is challenging due to
subtle head motions, which the temporal models better capture. In the third sequence, both
static and temporal models mispredict person 3’s gaze target in frame 2. However, our model
with speaking information correctly identifies person 1 as the target due to their high speaking
score.

In addition, we provide qualitative comparisons of our model against other methods in
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Figure 6.11. We see that our model performs better overall, accurately inferring people’s gaze
target and social gaze behaviour despite the complexity of the scenes with multiple salient
targets, obscured eyes, varied settings and age groups.

Alignment Between Gaze Following Outputs and Social Gaze Decoders

We analyze the difference in performance between post-processing gaze following outputs
and using predictions from task-specific decoders. For LAH, predictions from both schemes
align 87% of the time. When they diverge, it is typically due to the model being uncertain
between two potential targets. The gaze heatmap arg max selects one, while the LAH score
arg max selects the other. This confusion is illustrated for person 1 in Figure 6.9, where the
predicted heatmap highlights both persons 2 and 3, and both corresponding LAH scores are
high.

Limitations

As discussed in the section on qualitative results, gaze following outputs and predictions
from the social gaze decoders do not always align (13% cases). One possible solution is to
post-process gaze following outputs for LAH and LAEO as done in the case of Ours-PP. This
ensures that outputs for gaze following, LAH and LAEO align. However, further aligning the
outputs with SA is more challenging as post-processing for SA does not account for whether
the gaze points fall on the same semantic item. Ensuring that outputs for all social gaze
tasks and gaze following align is a challenging and interesting direction for future research.
Potential directions include more refined post-processing techniques, or the addition of task
consistency losses and regularization for the social gaze decoders. The latter is particularly
interesting as it may further increase the benefit of the social gaze losses.

Secondly, as discussed in the ablations, temporal information does not seem to bring large
improvements in performance, with improvements observed mainly for SA. Investigating new
architectures, datasets and metrics to improve training and evaluation of temporal information
is another important and interesting direction for future research.
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(a) Ours-static fails to recognise person 1 blinking in frames 2,4

(b) Ours-static misses shared attention behaviour in frames 1,3

(c) Ours-spk captures the right target for person 3 in frame 2

Figure 6.10: Qualitative results of our proposed model (Ours), our model with speaking
information (Ours-spk) and our model without temporal information (Ours-static). When the
target is predicted to be inside the frame, we display the predicted gaze point and the social
gaze tasks with the associated person id(s).
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Chapter 6. Unifying Gaze Following and Social Gaze Prediction

Figure 6.11: Qualitative comparison of our model against other methods ChongS ,
ChongT (Chong et al., 2020b), Gupta (Gupta et al., 2022). Our model performs better overall,
outperforming other methods in complex scenes with obscured eyes, multiple salient targets,
varied settings and age groups.
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7 VLMs for Contextual Cues

As highlighted in Section 1.1.1, gaze following is a challenging task, demanding a model to
interpret a large spectrum of contextual cues such as the person’s interactions with objects
and other people in the scene. For instance, it has been shown that eye and hand movements
are coordinated during manipulation activities (Johansson et al., 2001). Or that during conver-
sations, people usually look at the person talking (Stiefelhagen et al., 1999) and that leveraging
this information can help in gaze target selection in meeting settings (Otsuka et al., 2005).

In order for a model to capture these cues and learn their impact on gaze target selection, it
would need to be trained on a high-quality and large-scale labeled dataset. However, existing
gaze following datasets (Chong et al., 2020b; Tafasca et al., 2023b) are small-scale, hindering
the effective utilization of these cues. To address these challenges, prior works have relied on
dedicated cue extraction methods such as inferred body pose (Gupta et al., 2022; Lian et al.,
2018), and supplied them to models for improved performance. However, these approaches
focus on specific cues and do not supply the larger array of contextual cues which could be
needed for accurate gaze target prediction. Traditional methods to address this limitation
include: (1) manually annotating for relevant cues; but it is cost-intensive and not always
available during inference, or (2) pseudo-labelling with expert models; however this requires
access to a multitude of task specific models for each cue or a subset of cues. Hence, it is
evident that novel solutions are required.

Given these challenges, in Gupta et al. (2024c), we investigated the potential of Visual Language
Models (VLMs) to extract valuable contextual cues for gaze following, aiming to overcome
the constraints of traditional labeling approaches. VLMs have shown promising zero-shot
performance for a variety of tasks (Radford et al., 2021; Zhang et al., 2023), owing to their
ability to learn visual-text associations at scale. Hence, a single model may be capable of
extracting all relevant contextual cues. At the same time, given the zero-shot setting, the set of
cues to be considered can be adjusted based on the domain, further increasing this approach’s
applicability.

In this work, we consider cues related to pose, person-person interactions, and person-object
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Figure 7.1: Accurately predicting a person’s gaze target requires interpreting a variety of
contextual cues such as body pose (left), object interactions (middle), and social engagement
(right). In these samples from the ChildPlay dataset (Tafasca et al., 2023b), the child on the
left is seated, the child in the middle is reaching for an object, and the man on the right is
speaking.

interactions (see Figure 7.1). We first evaluate the zero-shot performance of different VLMs
for recognising these cues (Section 7.1), and leverage the best performing approach to extract
them. We then investigate whether incorporating these extracted cues can improve gaze
following performance (Section 7.2).

Challenges. While VLMs have shown impressive zero-shot performance for a variety of tasks,
these tasks (ex. image classification) usually involve processing the entire image. However,
for accurate gaze following we also need to capture contextual cues related to each person
in the scene. Hence, we need to consider an appropriate visual prompt to allow the VLM to
focus on the person of interest. At the same time, it is important to consider the choice of text
prompt as VLMs have been shown to benefit from prompt engineering (Radford et al., 2021).
Finally, given the extracted cues from the VLMs, we need to consider how to incorporate such
information into a gaze following model. Following these research questions, we make the
following contributions:

• VLMs for contextual cues extraction: We explore 4 state of the art VLMs (Radford et al.,
2021; Li et al., 2022, 2023a) for this task. We also investigate different visual prompts to
focus on the person of interest, and different text prompts to describe the cue of interest.
We show that VLMs can indeed capture contextual cues although the choice of VLM,
visual prompt and text prompt impacts performance.

• Text improved Gaze Following: We incorporate the extracted contextual cues into
MTGS (Gupta et al., 2024b). As shown in Section 6.4, MTGS’s token based representation
allows for the seamless integration of auxiliary information. Our results indicate that
incorporating these cues can result in better generalization performance, especially
when considering larger sets of cues.

7.1 Contextual Cues Extraction

In the first stage, we evaluate the zero-shot performance of different VLMs and prompting
approaches for recognition of cues. Note that we interchangeably refer to a cue as a class.
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7.1.1 Method

We investigate different visual and textual prompting strategies, as well as two different variants
of VLMs for zero-shot contextual cues extraction, namely image-text matching (ITM) and
visual question-answering (VQA).

Visual Prompting. In a complex scene involving multiple people, ITM becomes challenging
as our task requires conditioning on a specific target person. To address this, we investigate
various visual prompting techniques that enable ITM to focus on a chosen individual. We
employ several approaches, including no prompting, drawing a red ellipse around the person
following (Shtedritski et al., 2023), blurring or graying the background. These techniques are
applied either to the entire image (image-based) or to the cropped target person (person-
based), resulting in a total of eight distinct visual prompting approaches. We provide an
example of the different visual prompts in Figure 7.8 in the appendix.

Text Prompting. In our approach to text prompting, we employed a structured method for
generating prompts systematically based on templates. This method allows us to meticulously
examine the impact of each textual component within the prompt. A template, in this context,
is a fixed sentence where only specific parts can be altered. For examples, "a {photo} of a
{person} {class}", and "a {person} is {class}", are two instances of templates. Beyond the varied
sentence structures, the placeholders {photo}, {person}, and {class} can be substituted with
semantically related components. For instance, {photo} could be replaced with "picture" or
"snapshot," {person} might be substituted with "individual" or "human," and {class} can refer
to class synonyms such as "talking" or "narrating" if the original class is "speaking". In this
work, synonyms refer to changes in class synonyms otherwise mentioned explicitly. In the
appendix, Figure 7.9 presents all the different templates and synonyms used in this section.

Image-Text Matching (ITM). In ITM, the objective is to compute a cosine similarity between
the visual and textual embedding. A high similarity suggests that the image contains the
textual description. Formally, given an image I of size H £W £3 and a set of K class names,
we use the visual and text encoders of a pre-trained VLM (e.g., CLIP) to get a visual embedding
eI 2Rd and K text embeddings eT 2RK£d . We perform the following matching:

S = dot (eI ·eT
T ) (7.1)

where, S 2RK are the resulting similarity scores. When multiple textual prompts refer to the
same class name k, i.e. eTk 2RP£d , we can perform an Ensemble to get the score.

Sk = dot (eI ·
1
P

X
e2eTk

eT) (7.2)

The Ensemble approach utilizes the mean embedding, acting as a centroid for a given class
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and thus is expected to be more robust. The scores for each class are then normalized across
samples to have a zero mean and a standard deviation of one. In this work, we investigate
three different pre-trained VLMs such as CLIP (Radford et al., 2021), BLIP (Li et al., 2022) and
BLIP-2 (Li et al., 2023a). For more details regarding these models, we refer the readers to the
original papers and details in Section 2.6.

Visual Question Answering (VQA). In order to explore the potential of LLMs for our task, we
investigate a recent VQA model, BLIP-2 VQA (Li et al., 2023a), that leverages a LLM called
FlanT5 (Raffel et al., 2020). In VQA models, a textual question is jointly input with an image to
the model, and the model outputs a textual answer. We convert the text prompts described
previously into a set of questions that result in simple yes or no answers, which we then convert
into a binary score. Examples of prompts are displayed in appendix Fig 7.10. To further explore
the benefits of ICL, we provide additional textual context in the form of a generated caption
from the same model. Thus, the text input to the model is of the form {generated caption} {text
prompt}. It is worth noting that the BLIP-2 VQA model is much slower to run than the ITM
models as (1) the model is much larger due to the LLM, and (2) the answer is conditioned on
the image and question, so we need to run a forward pass for each image-prompt pair. This is
unlike the ITM models where the images and prompts can be processed separately, with a
similarity score computed afterward.

7.1.2 Experiments

Datasets. We employ two datasets to shed light on the VLMs’ ability to extract meaningful
cues.

ChildPlay: We manually annotated 6 cues from the ChildPlay (Tafasca et al., 2023b) dataset,
which is a recently proposed dataset for gaze following. For each class, we selected around 50
clear positives and 50 clear negatives. The classes and statistics are presented in the appendix
Table 7.5.

AVA-Actions: Then, to scale our evaluation we used the validation split of the AVA dataset (Gu
et al., 2018), which is a human action localization dataset. This dataset is much more chal-
lenging since it is heavily unbalanced and large scale containing around 41000 images. A
subset of the classes of interest was selected. In Table 7.1, a summary of the dataset classes
and distribution is shown.

Metrics. We leverage two metrics:

• AP: To evaluate the performance of different VLMs and prompting approaches, we use
Average Precision (AP). It is computed per class between the ground truth and the scores
obtained from the VLMs. We also consider the mean of the AP scores across all classes
or mean Average Precision (mAP).

• Accuracy: Since the output of the VQA variants is a binary decision, we cannot compute
AP; instead, we compute accuracy. To compare with ITMs, we binarize their output by
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Selected Classes - AVA Support

Pose (P)
stand 23424
sit 16660
bend/bow (at the waist) 1512

Person-Person Interaction (P-P)
talk to (e.g., self, a person, a group) 25985
hug (a person) 340
hand clap 330
give/serve (an object) to (a person) 313

Person-Object Interaction (P-O)
carry/hold (an object) 17199
touch (an object) 5099
read 658
write 273
lift/pick up 118
text on/look at a cellphone 112
work on a computer 111

Table 7.1: Selected classes from the AVA Dataset (validation set) categorized as Pose (P),
Person-Person Interaction (P-P), and Person-Object Interaction (P-O), including the number
of samples (support) for each.

applying a threshold of zero since the scores are normalized with a zero mean (however
they may benefit from optimizing the threshold).

7.1.3 ITM Results

Visual prompting. We compare the performance of the different visual prompts described in
Section 7.1.1 in Fig. 7.2. The results are aggregated across VLMs and different text prompts,
and categorized by the type of visual input, i.e. image-based versus person-based. We see
that image-based approaches outperform person-based variants. This suggests that a broader
visual input provides additional context, enhancing the zero-shot recognition for the target
person in the image. Furthermore, among the visual prompts, the red ellipse approach
outperforms others, aligned with findings in (Shtedritski et al., 2023). Therefore, in subsequent
experiments, we employ the image-based red ellipse as the visual prompt.

VLMs. We compare the performance of three VLMs, namely CLIP, BLIP, and BLIP-2. In Fig. 7.3,
we present a class-wise comparison of the three VLMs on AVA. Note that, for each VLM, we
aggregate the results from different textual prompts. Firstly, we observe that no single model
always outperforms the others. However, BLIP and BLIP-2 surpass CLIP in pose and person-
to-person classes, while CLIP performs well when the class refers to a clear object, such as
work on a computer or text on a cellphone. This may be related to differences in training
data, and is a direction for investigation. On average, BLIP-2 is the top performing model. In
the subsequent analysis, we continue focusing on BLIP-2 while varying the text prompting
aspects.

Text prompting. We investigate the impact of the text prompts described in Section 7.1.1 at
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Figure 7.2: Results of different visual prompt-
ing approach on Childplay. Image corre-
sponds to input the full image whereas per-
son refers to the use of person crop as input.

Figure 7.3: Results of different VLMs follow-
ing the ITM approach on AVA. Three VLMs
are compared across different classes catego-
rized as Pose (P), Person-Person Interaction
(P-P), and Person-Object Interaction (P-O).

Figure 7.4: Results of different templates us-
ing BLIP-2 on AVA. Six templates are com-
pared across different classes.

Figure 7.5: Results of BLIP-2 vqa with and
without in-context learning, vqa ICL and vqa
respectively, on ChildPlay. It is compared
with the VLMs CLIP, BLIP and BLIP-2.

two different levels, at the template level and synonym level. When evaluating the template,
we aggregate results over the other text prompt component variations. Similarly for when
we evaluate the class synonym. In Figure 7.4, performance for different templates are shown
on AVA per class. Firstly, there is no best template overall, which correlates to the finding
of (Radford et al., 2021) that VLMs are prompt sensitive. However, using the Ensemble approach
described in Section 7.1.1 provides more robust performance, often outperforming the best
template, and always outperforming the worst template. In addition, the wording in textual
prompts matters, as can be seen in the appendix Figure 7.11, where different class synonyms
can change the performance by a large margin. However, we notice that for most of the classes,
including {person} in the prompt improves performance. This suggests that conditioning the
prompt to an individual helps to extract person-centric information.
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7.1.4 VQA Results

To investigate the potential of LLMs and in-context learning for contextual cues extraction, we
evaluate the BLIP-2 VQA model on the ChildPlay dataset, and compare it against ITM based
VLM models (Figure 7.5). Note that the results are aggregated across all text prompts. As
mentioned in Section 7.1.1, the BLIP-2 VQA model is much slower to run compared to the ITM
based models which is why we use the smaller ChildPlay dataset. We also use a smaller set of
templates and synonyms in the text prompt (Fig. 7.10 in appendix) to reduce computation
time.

Benefit of LLM. Comparing the performance of BLIP-2 against BLIP-2 VQA (BLIP-2 and vqa in
the figure), we see that BLIP-2 VQA does much better for the ’child’ class, but on par of worse
for the other classes. This suggests that the LLM in the BLIP-2 VQA model is not necessarily
providing better results. However, as mentioned previously, this model uses a smaller set of
templates and synonyms in the text prompt for computational reasons so may benefit from
using a larger set.

In-Context Learning. We see that the BLIP-2 vqa model with ICL improves for all classes
except the ’child’ class compared to no ICL. This is in contrast to the observations in the
original paper where the architecture is introduced (Li et al., 2023a), and suggests the potential
of leveraging ICL for contextual cues extraction.

7.2 Text-Improved Gaze Following

In the second stage, we apply insights from Section 7.1 and leverage BLIP-2 along with the
red ellipse visual prompting approach, and the Ensemble text prompting approach to extract
contextual cues. We then evaluate the impact of incorporating these cues into a gaze following
model.

7.2.1 Method

We employ the static version of the MTGS (Gupta et al., 2024b) model (see Section 6.2). This
model is a transformer-based architecture designed for multi-person gaze following and social
gaze prediction. Given an input image and head crops of people in the scene, it first produces
two types of tokens: image tokens (f 2RN£D ), similar to those in a standard Vision Transformer
(ViT) architecture (Dosovitskiy et al., 2020), and person gaze tokens (p 2 RNp£D ), where Np

represents the number of people in the scene. Person tokens are generated using head crops, a
gaze backbone, and a subsequent linear projection layer. This formulation naturally supports
incorporating contextual cues for each person, as the information can be fused with the
corresponding person token.

Given the success of additive fusion in the case of position embeddings for transformers (Doso-
vitskiy et al., 2020), and early fusion of body pose and depth information for gaze following
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Figure 7.6: An overview of Text-Improved Gaze Following: Given an image containing Np

persons, image tokens and person tokens are generated via a Linear Projection (LP) and a
person module (PM) respectively. To incorporate VLM contextual information, we use a VLM
to obtain Np score vectors, each with the dimension as the number of classes (K ). We then
linearly project these vectors and perform early fusion by adding them to the corresponding
person tokens. Scene and updated person tokens are subsequently passed to MTGS (Gupta
et al., 2024b) to model person and scene interactions using self and cross-attention modules
across multiple blocks.

models (Gupta et al., 2022), we aim to incorporate contextual information derived from VLMs
in an early fusion and additive manner. To this end, as illustrated in Fig. 7.6, we use a linear
projection layer (©) to project the vector of predicted scores (Svl m 2RNp£K , K is the number
of classes) and generate person context tokens matching the dimensions of the person gaze
tokens (©(Svl m) 2RNp£D ). We then apply the add operation to combine the person context
tokens from the VLMs with the corresponding person gaze tokens. Following this, the enriched
person gaze tokens, now with added contextual cues, and the image tokens are fed into MTGS,
where, people and scene tokens interact through self and cross-attention modules across
multiple blocks.

po, fo = MTGS
°£

p+© (Svlm) , f
§¢

(7.3)

Finally, a prediction module takes the updated tokens (po, fo) and predicts the visual attention
heatmap for each person, as well as pair-wise social gaze labels.

7.2.2 Experiments

Datasets. We leverage two gaze following datasets:

• GazeFollow (Recasens et al., 2015): Detailed in Section 3.1.1. In addition to the orig-
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inal annotations, we use the processed LAH labels generated following the protocol
described in Section 3.4. Despite the relatively lower quality of images and annotations,
GazeFollow serves as a valuable resource for pre-training due to its scale and diversity.

• ChildPlay (Tafasca et al., 2023b): Detailed in Section 3.1.3. Alongside the original gaze
annotations, we also use the processed LAH and LAEO labels derived using the protocol
in Section 3.4.

Contextual Cues. We define three sets of contextual cues:

• AVA+CP: These are the set of 24 cues defined in Section 7.1 for AVA and ChildPlay that
were used for evaluating different VLMs and prompting strategies.

• HICO: The HICO dataset (Chao et al., 2015) is human-object interaction dataset that
defines a list of 117 interaction verbs. We leverage these verbs as contextual cues.

• SWIG: The SWIG-HOI dataset (Wang et al., 2021b) is a large-scale human-object interac-
tion dataset that defines 406 verbs. We leverage these verbs as contextual cues.

We provide the manually curated synonyms and templates used for generating different text
prompts for AVA+CP in Figures 7.9,7.10 of the appendix. For HICO and SWIG, we use the same
set of templates, but generate 4 synonyms for each cue using ChatGPT (OpenAI, 2024).

Training and Validation. Following (Gupta et al., 2024b), we train the model for 20 epochs
on GazeFollow using a learning rate of 1e-4 and the AdamW (Loshchilov and Hutter, 2018)
optimizer. We supervise using the standard MSE loss for gaze heatmap prediction, and binary
cross entropy loss for LAH prediction. For validation, we use the split proposed in (Tafasca
et al., 2023b).

Metrics. We use the standard gaze following metrics AUC; Recasens et al. (2015) and distance
(see Section 4.1). In addition, we post-process the predicted points to obtain F1 scores for
LAH and LAEO following the protocol in Section 4.2.1. Note that we can also use the LAH
decoder outputs from MTGS, but it tends to have slightly lower scores than the post-processing
approach (Section 6.2.2) and decoder outputs do not always align with gaze following outputs
(Section 6.4).

7.2.3 Results

GazeFollow. We provide results for incorporating VLM context on the GazeFollow dataset
in Table 7.2. We observe that performance does not change much for the distance score. In
contrast, for LAH, we observe a slight improvement with the addition of AVA+CP cues, and a
degradation with the addition of SWIG cues. However, the GazeFollow test set is very small
(approx. 5k instances), and often contains simple scenes with a single salient target such as
the held object. Also, annotations on GazeFollow are not always reliable as mentioned in
Section 7.2.2. Hence, analyzing results on GazeFollow alone is not sufficient.

ChildPlay. To further investigate the properties of our models, we perform cross-dataset
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Model AUC" Avg.Dist# Min.Dist# F1LAH "

Fang et al. (2021) 0.922 0.124 0.067 -
Tonini et al. (2022) 0.927 0.141 - -
Jin et al. (2022) 0.920 0.118 0.063 -
Bao et al. (2022) 0.928 0.122 - -
Hu et al. (2022b) 0.923 0.128 0.069 -
Tafasca et al. (2023b) 0.936 0.125 0.064 -
Chong et al. (2020b) 0.921 0.137 0.077 -
Gupta et al. (2022) 0.933 0.134 0.071 -
Jin et al. (2021) 0.919 0.126 0.076 -

MTGS (Gupta et al.,
2024b)

0.929 0.118 0.062 0.639

MTGS + AVA + CP 0.936 0.118 0.061 0.643
MTGS + HICO 0.934 0.116 0.060 0.639
MTGS + SWIG 0.933 0.119 0.061 0.619

Table 7.2: Results for incorporating VLM con-
text with different sets of classes on the Gaze-
Follow dataset. AVA+CP has 24 classes, HICO
has 117 classes and SWIG has 406 classes. Best
results are given in bold, second best results are
underlined.

Method Dist.# F1LAH " F1LAEO "

Tafasca et al. (2023b) 0.115 - -
Gupta et al. (2022) 0.142 - -

MTGS (Gupta et al.,
2024b)

0.122 0.588 0.376

MTGS + AVA + CP 0.129 0.586 0.371
MTGS + HICO 0.119 0.601 0.407
MTGS + SWIG 0.117 0.600 0.426

Table 7.3: Cross-dataset results for the mod-
els trained on GazeFollow and evaluated on
the ChildPlay dataset. Best results are given
in bold, second best results are underlined.

Method AUC" Avg.Dist# Min.Dist# F1LAH "

Multi Fusion 0.932 0.119 0.062 0.633
Early Fusion 0.936 0.118 0.061 0.643

Table 7.4: Ablation on early vs multi-
stage fusion of VLM context using the
AVA+ChildPlay classes on the GazeFollow
dataset. Best results are given in bold.

evaluation on ChildPlay in Table 7.3. The ChildPlay test set has a large number of instances
(approx. 20k), and contains challenging scenes with multiple salient targets (ex. toys, other
children/adults), making it an interesting benchmark. We observe that incorporating the
AVA+CP classes results in a drop in performance for the distance score. However, with the
larger set of HICO and SWIG classes, there is an improvement in performance for distance, LAH
and LAEO. In particular, incorporating the SWIG classes gives the most improvements, with
gaze following results comparable to the state of the art (Tafasca et al., 2023b) and contrasts
with our observations on GazeFollow. This suggests that incorporating gaze contextual cues
can result in more robust performance with better generalization.

Ablation: Early Fusion vs Multi-Stage Fusion. We perform an ablation with two different
fusion mechanisms for incorporating VLM contextual information in MTGS in Table 7.4. The
first is early fusion, and follows the approach described in Section 7.2.1. The second is a multi-
stage fusion approach, where the VLM context is fused with the person tokens at every block
of the architecture (4 times). We observe that the early fusion approach slightly outperforms
the multi-stage fusion approach, especially for LAH, so we followed the early fusion approach
for all our experiments.

Qualitative results. We provide qualitative results for MTGS, with and without the use of
contextual cues in Figure 7.7. We observe that incorporating contextual cues can improve
performance, helping identify the gaze target in challenging situations with multiple salient
people and objects. For instance, in row 1, person 2 has a high score for carrying, which might
indicate that this person is looking towards their hand. In row 2, person 3 has a high score for
talking on, which suggests social interaction such as LAH.
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Person 1 
   carrying 4.31
   straddling 3.85
   hopping on 3.62
Person 2
   straddling 3.43
   carrying 3.42
   lassoing 2.99
Person 3
   eating 1.72
   blowing 1.18
   milking 0.9

   

Person 1 
   texting on 1.83
   reading 1.13
   typing on 0.99
Person 2
   watching 0.91
   hunting 0.53
   opening 0.48
Person 3
   talking on 1.36
   texting on 1.31
   opening 1.17

   
Figure 7.7: Qualitative results of MTGS (Gupta et al., 2024b) trained on GazeFollow and
evaluated on ChildPlay. For each person, we display the predicted gaze point as well as social
gaze task along with the associated person id. We provide results without contextual cues (left)
and with contextual cues from the HICO classes (right). We also display the top three classes
with the highest normalized score for each person.

7.3 Discussion

Our observations in Section 7.2.3 suggest that incorporating a larger set of contextual cues
can improve generalization performance for gaze following. As the set of cues becomes
larger, it can capture more specific situations (ex. unlocking, sewing in SWIG) which are
usually associated with certain gaze targets. It is worth noting that increasing the number
of classes has a negligible impact on computation time. As mentioned in Section 7.1.1, the
ITM approach processes the text prompts and images independently to obtain text and image
embeddings. The final score is then a dot product of the two. Hence, all the text embeddings
can be computed and saved at the start, and then used with any new image.

We also note that the set of HICO and SWIG classes utilized in our study are obtained from
HOI datasets, hence, scores for the different cues could alternatively be obtained from HOI
models. This is another interesting direction of investigation, but its main drawback is that
the set of cues that can be considered is fixed depending on the chosen model. On the other
hand, leveraging VLMs in a zero-shot manner allows us to consider any set of cues, including
larger sets than the ones we considered (with a negligible impact on computation time), or
more domain specific cues tailored for specific applications.
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Figure 7.8: Different visual prompts are used to focus on the person of interest. Row-wise, the
image-based and person cropped-based variants are displayed. Column-wise, various visual
prompts such as ellipse, blur, and gray are presented.

7.4 Conclusion

In this work, we explored the zero-shot capabilities of VLMs for extracting contextual cues
related to a person’s pose or interactions with objects and other people, and evaluated the
impact of incorporating these cues into a gaze following model. We learned that VLMs can
indeed extract contextual cues, and that considering the entire image with a red-circle drawn
over the person of interest serves as the best visual prompt, and that ensembling scores from
different textual prompts serves as the best text prompting strategy. We also observed that
BLIP-2 is the overall best performing VLM, and that ICL can potentially bring further benefits.
In the second part, we observed that incorporating the extracted cues into a gaze following
model can provide better generalization performance, especially when considering a larger
set of classes. In future work, we plan to investigate other VLMs and further explore prompting
strategies such as ICL. We also plan to explore the option of predicting the different cues rather
than providing them as input to the model.

7.5 Appendix

Example of visual prompts

As described in Section 7.1.1, we investigate different visual prompting approaches to focus
on a specific individual in the scene. An example of each prompt is provided in Fig. 7.8. These
techniques are implemented on either the whole image or specifically on the cropped image
of the target person. In total, this leads to eight distinct visual prompting strategies.
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Classes negative positive
looking at hand 36 35
reaching 36 34
sitting 60 52
child 59 58
manipulation 59 59
speaking 31 30

Table 7.5: Classes and statistics of the ChildPlay dataset annotation.

Figure 7.9: List of the different prompts vari-
ations used as described in section 7.1.3.
A final prompt is a combination of {tem-
plate},{person}, {photo} and {synonym} such
as "this individual is grabbing" or "a snapshot
of a human handling".

Figure 7.10: List of the different prompt vari-
ations used for VQA model. A final prompt
is a combination of {template},{person}, and
{synonym} such as "Is this individual grab-
bing? Answer yes or no." .

Details of the Childplay dataset

In Table 7.5, we detail the number of annotated negative and positive samples for each class
in the ChildPlay dataset.

Details of Text Prompts

ITM. Fig. 7.9, lists different text prompt variations as described in Section 7.1.3 for the ITM
approach. A final prompt is a combination of {template},{person}, {photo} and {synonym}
such as "this individual is grabbing" or "a snapshot of a human handling".

VQA. For the VQA approach, for computational reasons, we consider a single template in
the form of a question, and reduce the number of synonyms for the classes. We provide the
template and synonyms in Fig. 7.10.

Impact of class synonyms

In Fig. 7.11, we provide the results for varying the class synonym in the text prompt. We
observe that performance can change depending on the used synonym by a large margin.
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Figure 7.11: Performance when varying the class synonym in the text prompt. We display the
mean and variance of results, as well as the best and worst synonym.

Contrary to popular belief, Lorem Ipsum is not simply random text. It has roots in a piece
of classical Latin literature from 45 BC, making it over 2000 years old. Richard McClintock, a
Latin professor at Hampden-Sydney College in Virginia, looked up one of the more obscure
Latin words, consectetur, from a Lorem Ipsum passage, and going through the cites of the
word in classical literature, discovered the undoubtable source. Lorem Ipsum comes from
sections 1.10.32 and 1.10.33 of "de Finibus Bonorum et Malorum" (The Extremes of Good and
Evil) by Cicero, written in 45 BC. This book is a treatise on the theory of ethics, very popular
during the Renaissance. The first line of Lorem Ipsum, "Lorem ipsum dolor sit amet..", comes
from a line in section 1.10.32.
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8 Ego-Exo Gaze Representation Learn-
ing

As discussed in Section 1, egocentric gaze estimation is valuable for enabling immersive
and intuitive interaction in AR/VR devices. However, eye-tracking brings limitations such
as additional hardware and calibration requirements. Hence a separate line of work aims
to directly predict the egocentric gaze target using scene saliency and other contextual cues
in the wearers visual environment (Lai et al., 2023; Tavakoli et al., 2019; Huang et al., 2018).
These approaches predominantly focus on video-based prediction, leveraging temporal cues
to improve accuracy. Yet, the hardware limitations of current platforms often make the storage
and processing of a frame buffer impractical.

In this work, we focus on the single-frame egocentric gaze estimation task. We aim to leverage
exocentric gaze (also known as gaze following) which involves predicting the gaze targets
of other individuals in the scene from a third-person perspective. This additional context
can help disambiguate between multiple potential gaze targets. For instance, in Figure 8.1,
predicting egocentric gaze is ambiguous due to the presence of multiple individuals in the
field of view. However, by incorporating exocentric gaze cues, we can better understand social
interactions—such as shared attention towards a person—allowing us to significantly reduce
this ambiguity.

Although existing models for egocentric gaze estimation may implicitly learn representations
related to gaze following, the complexity of the task and the limitations of current datasets
may restrict the extent to which these representations are effectively captured. Indeed, prior
research has demonstrated the benefits of explicitly integrating additional contextual informa-
tion such as hand actions (Huang et al., 2020) for egocentric gaze estimation. Guided by these
insights, we explore whether explicitly learning exocentric gaze cues can enhance single-frame
egocentric gaze estimation.

Contribution. Given these motivations, we propose novel approaches that leverage simultane-
ous views from a pair of individuals to jointly learn ego-exo gaze representations. Egocentric
representations are learned via supervised training, while exocentric representations are
learned through a self-supervised alignment task. Specifically, this task aims to match the ego
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Figure 8.1: Estimating the egocentric gaze target of a person from a single frame is challenging,
but can be improved using exocentric gaze cues of other individuals in the scene. During
training, we employ a siamese-style architecture: one branch captures a person’s ego gaze
features (top right), the other captures the same person’s exo features (top left), which are
then aligned. Through symmetric ego-exo alignment and shared weights, the encoder learns
to exploit exocentric gaze information from other individuals to improve egocentric gaze
estimation from a single view (bottom). Images are from the RLR-CHAT dataset.

representation of a person with the exo representation of the same person as captured from
another person’s view (Figure 8.1, top).

We adopt a siamese style architecture, where one branch captures egocentric gaze information,
while the other branch captures exocentric gaze information. Through symmetric ego-exo
alignment and weight sharing, the same encoder learns to capture not only the egocentric
gaze features of an individual, but also the exocentric gaze features of other individuals in the
scene. As a result, during inference, we can use a single branch to improve egocentric gaze
estimation from a single view by leveraging the learned exocentric representations (Figure 8.1,
bottom). Our contributions can be summarized as follows:

• Exploring single-frame egocentric gaze estimation: We show that single-frame methods
can achieve strong performance by leveraging modern CNN and transformer architec-
tures.

• Learning ego-exo gaze representations: We propose three approaches that leverage ego-
exo alignment to jointly learn egocentric and exocentric gaze representations, using
self-supervision for the exocentric features. Our results show that these models improve
egocentric gaze estimation, likely by utilizing the learned exocentric representations.
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Figure 8.2: During training, we sample two views corresponding to individuals A and B. The
Encoder extracts features, which are aligned using one of two Ego-Exo Alignment techniques:
(1) time synchronization or (2) head matching. The Ego Decoder then uses these aligned
features to predict each person’s egocentric gaze heatmap. At inference time, only a single
branch of the network—termed EgoGazeViT—is used to predict the egocentric gaze heatmap
for any input image.

• Probing for exocentric gaze: We further probe the models to assess their ability to cap-
ture exocentric gaze representations, confirming that they indeed learn meaningful
exocentric gaze features.

• New metrics for egocentric gaze estimation: We propose a novel suite of metrics inspired
from gaze following literature, to enable more comprehensive performance analysis.

In addition, we perform an initial exploration of spatial audio for improving egocentric gaze
performance, with promising preliminary results.

8.1 Method

Our training architecture, illustrated in Figure 8.2, follows a siamese design. The bottom
branch predicts person A’s egocentric gaze, while the top branch predicts person B’s. Each
branch processes an egocentric image frame, denoted as IA and IB , extracting features FA

and FB using an encoder V . Simultaneously, we align the ego-exo gaze features of the same
individual across views. We explore two approaches: (1) Time Synchronization, which encodes
exocentric features within a single global representation, and (2) Head Matching, which en-
codes exocentric features in local representations extracted via head bounding boxes. Finally,
the aligned features are passed through a decoder Dego to generate each person’s egocentric
gaze heatmap, HA and HB .
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Due to weight sharing and symmetric ego-exo alignment, we can use a single branch of the
network—termed EgoGazeViT—at inference. This branch leverages the learned exocentric
representations of other individuals in the scene to enhance egocentric gaze estimation, with
no added cost compared to other methods.

8.1.1 Feature Extraction

The feature extraction module is responsible for obtaining gaze-relevant features from an
input egocentric image frame, denoted as I. We employ a Vision Transformer (ViT) encoder,
denoted as V , to extract these features. Specifically, we utilize the output from the last layer of
the ViT.

F = V (I) (8.1)

This module is applied independently to the egocentric images of both individuals, IA and IB ,
yielding corresponding feature representations, FA and FB .

8.1.2 Ego-Exo Alignment

The ego-exo alignment module enables self-supervised learning of exocentric gaze representa-
tions by aligning egocentric and exocentric features. The key idea is that a person’s egocentric
gaze features already encode valuable information about where they are looking, which can
be leveraged to supervise learning of their corresponding exocentric representations captured
from another person’s viewpoint.

Through this alignment, we expect the ego and exo features corresponding to an individual
to capture complementary information. For instance, in cases of eye contact, the exocentric
features from A’s FoV can capture B’s head orientation and gaze direction, while B’s egocentric
features can encode complementary information regarding B’s own head pose through cues
like body orientation. Or in shared attention scenarios, both egocentric and exocentric features
can capture similar visual cues about the attended item.

We explore two alignment approaches:

Time Synchronization. Inspired by prior work (Yu et al., 2020), we align egocentric features
of two participants observing the same scene simultaneously. Egocentric features for each
person (e.g., person A) are obtained from the CLS token of the ViT output:

GA
eg o = CLS(FA) (8.2)

Here, the exocentric feature for person A at a given timestamp is directly represented by the
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egocentric feature from person B observing the same scene simultaneously:

GA
exo = GB

eg o (8.3)

We compute similarity between these ego-exo features using the L2 distance:

S = kGA
eg o °GA

exok2 (8.4)

Our triplet loss (Section 8.1.4) encourages high similarity between egocentric features from
the same timestamp. Simultaneously, it minimizes similarity against negative samples drawn
from the same batch. These negatives may include features from different timestamps of the
same session or features from entirely different sessions. Due to symmetric alignment, after
training, we expect the same CLS token to capture both ego and exo gaze information.

Head Matching. We explore a novel approach that explicitly aligns an individual’s global
egocentric features with their local exocentric features as observed from another person’s view.
These local exocentric features can then be aggregated by the decoder to predict egocentric
gaze. Specifically, given a participant B , we first extract exocentric features for all people
visible in B ’s FoV (including A) using ROI-Align (He et al., 2017):

GB
exo = ROI Align(FB ,BB ) (8.5)

where BB represents the head bounding boxes in B ’s FoV. We again obtain egocentric features
from the CLS token:

GA
eg o = CLS(FA) (8.6)

Similarity between the normalized egocentric and exocentric features is computed using a dot
product:

SA = GB
exo ·GA

eg o (8.7)

Our loss function (Section 8.1.4) maximizes the similarity of matched ego-exo pairs (SA(A))
and minimizes it for unmatched pairs. This alignment is again performed symmetrically, so
the same feature map learns to encode egocentric (in the CLS token) and exocentric (in tokens
corresponding to head box regions) gaze information.

8.1.3 Prediction

The Prediction Module processes the features from the Feature Extraction module, integrating
both egocentric and exocentric information to generate an egocentric gaze heatmap for
each person. It consists of four transformer layers, followed by a linear projection layer that
maps the processed token representations to the spatial dimensions of the gaze heatmap.
Specifically, given the extracted feature representation F from the Feature Extraction module,
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the egocentric gaze heatmap H is predicted as follows:

H = Dego(F) (8.8)

where Dego represents the transformer-based decoder.

This operation is applied independently to the feature representations of both person A and
person B, producing their respective egocentric gaze heatmaps HA ,HB .

8.1.4 Losses

Our training objective combines an egocentric gaze estimation loss (Lhm) and an ego-exo
alignment loss (Lego-exo). The egocentric gaze estimation loss is a pixel-wise cross-entropy
applied independently to the predicted heatmaps HA and HB , comparing them to the corre-
sponding ground truth heatmaps.

The total loss is given by:
L =L

A
hm +L

B
hm +Lego-exo (8.9)

We explore two formulations for the ego-exo alignment loss (Lego-exo):

Time Synchronization Loss. This loss uses a triplet formulation based on the similarity
between egocentric features at the same timestamp:

Lego-exo = eS+

eS+ +eS° (8.10)

where S+ is the distance between matched ego features from simultaneous views, and S° is
the distance from GA

eg o to a randomly sampled negative ego feature from the batch.

Head Matching Loss. We explore two variants for the head matching loss: an implicit approach
that automatically learns the alignment between egocentric and exocentric features, and an
explicit approach leveraging ground truth head-box identities when available.

• Explicit matching: This is also a cross-entropy loss, applied to the similarity scores S.
The correct "class" corresponds to the similarity score of the same person viewed from
the other perspective. For SA , the correct class is SA(A), and vice versa for SB .

• Implicit matching: We apply an entropy loss on the similarity scores S. This encourages
the model to select exactly one exocentric feature with maximum similarity. Additionally,
for two-person sessions, where head-box identities are trivially identifiable, we apply
the explicit cross-entropy loss described above.

In both variants, the total ego-exo loss Lego-exo is the sum of the losses computed indepen-
dently for persons A and B .
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8.2 Experiments

8.2.1 Datasets

We perform experiments on two datasets:

RLR-CHAT. The RLR-CHAT dataset, as described in Section 3.5.1, is divided into training,
validation, and test splits. In particular, we refer to the test split as the "golden subset" as
it has higher quality annotations. Initially, we train and evaluate various baselines on this
golden subset, as training on the entire dataset is computationally expensive. Subsequently,
we leverage the best performing approach for training on the full dataset.

Ego4D (Grauman et al., 2022). Specifically, the gaze annotated subset of Ego4D as described
in Section 3.5.2. We selected Ego4D over alternative datasets such as EGTEA Gaze (Li et al.,
2018) and Aria (Lv et al., 2024), as those primarily focus on single-person activities. Since
Ego4D emphasizes social settings, it is more suitable for evaluating improvements derived
from learning exocentric gaze representations.

However, it is important to note that there is still a significant domain gap between Ego4D and
RLR-CHAT. The images have a smaller FoV and include much more diverse settings. Further,
as people are playing games instead of mainly conversing, the gaze points tend to fall less on
faces.

Training and Evaluation

During training, we randomly sample two people A and B for each timestamp. Models are
trained for 20 epochs using the Adam optimizer (Kingma and Ba, 2014) with a learning rate
of 2£10°5, and with a batch size of 512. We employ standard augmentations, namely center
cropping, flipping, and color jittering. The method was trained on a distributed system with
two nodes, each equipped with eight H100 GPUs.

During evaluation, we leverage only one of the branches (since both share weights), referred
to as EgoGazeViT, to assess egocentric gaze estimation performance. Specifically, EgoGazeViT
can be initialized with weights from either the self-supervised training or standard egocentric
gaze estimation training.

8.2.2 Trained Models

We train several egocentric gaze estimation baselines along with our proposed self-supervised
methods using the RLR-CHAT dataset.

Egocentric baselines. We compare naïve baselines, as well as CNN and transformer-based
approaches:
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• Naïve Baselines: Simple heuristics, including predicting the image center, using the
average gaze point from the training set, and selecting the head closest to the image
center as the gaze target.

• U-Net: A CNN-based model with a ResNet-18 encoder and an FPN-style decoder. It cor-
responds to the image branch of the MAV-Gaze baseline described below and operates
on single-frame inputs.

• MAV-Gaze: An adaptation of MAV-ASL (Jiang et al., 2022), originally designed for active
speaker localization. It processes both visual and auditory cues, taking in a single image
frame and a 7-channel, 200ms audio clip.

• EgoGazeViT: A transformer-based model comprising a ViT encoder and a transformer
decoder. This architecture corresponds to one of the branches in our proposed SSL
methods and operates on single-frames.

Self-supervised Approaches. We initialize EgoGazeVit with one of our three self-supervised
alignment methods described in Section 8.1, or with standard training for egocentric gaze
prediction (Standard Training):

• Synchronization: Aligns egocentric features across simultaneous views using temporal
correspondence.

• Implicit Matching: Aligns ego-exo features without explicit identity annotations.
• Explicit Matching: Aligns ego-exo features using ground truth head-box identities.

8.2.3 Metrics

As discussed in Section 4.3.1, existing heatmap-based metrics are highly sensitive to the choice
of standard deviation used to generate the ground truth heatmap, as well as the thresholds
applied during binarization. Therefore, we include this metric only for comparison with prior
state-of-the-art methods.

Instead, we primarily rely on our proposed gaze-following-inspired metrics introduced in
Section 4.3.2. Specifically, we report both distance scores, to assess localization accuracy, and
Looking at Heads (LAH) scores, to evaluate semantic performance.

8.3 Results

8.3.1 Egocentric Gaze Estimation Baselines

We trained and evaluated the baselines listed in Section 8.2.2 on the RLR-CHAT golden subset.
Specifically, each model is trained on the train split of the golden subset for egocentric gaze
estimation and evaluated then evaluated on it’s test set. The results are presented in Table 8.1.

Despite operating on a single image frame, both transformer and CNN-based models outper-
form the naive baselines by a significant margin, highlighting their ability to incorporate hu-
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Model
Distance# LAH"

Mean Median Prec Recall F1

Naive Baselines

Predict center 0.107 0.093 0.633 0.146 0.237

Predict avg of train data 0.105 0.092 0.638 0.130 0.216

Predict closest head to center 0.131 0.073 0.396 0.863 0.543

CNN Baselines

U-Net 0.105 0.072 0.520 0.610 0.561

MAV-Gaze 0.098 0.065 0.617 0.724 0.667

Transformer Baseline

EgoGazeViT 0.096 0.057 0.507 0.798 0.620

Table 8.1: Comparison of egocentric gaze estimation baselines on the RLR-CHAT golden
subset test split. Best results are in bold.

Initialization
Distance# LAH"

Mean Median Prec Recall F1

Standard training 0.102 0.057 0.538 0.819 0.650

SSL Approaches

Synchronization 0.100 0.055 0.536 0.843 0.656

Implicit matching 0.101 0.056 0.533 0.833 0.650

Explicit matching 0.101 0.055 0.545 0.836 0.660

Table 8.2: Results for egocentric gaze estimation on the full RLR-CHAT golden subset. We
leverage EgoGazeViT with different initializations. Best results are in bold.

man priors and scene saliency for accurate egocentric gaze estimation. EgoGazeViT achieves
the highest performance among the image-only models, and the best overall distance score.
Therefore, we select this model for all subsequent experiments.

Interestingly, MAV-Gaze achieves the highest LAH F1-score. The incorporation of spatial
audio helps the model identify the speaking person, which can serve as a strong cue for gaze
target prediction. Exploring the role of spatial audio in egocentric gaze estimation remains an
exciting avenue for future work.

8.3.2 Learning Exo Gaze Representations

We leverage the entire RLR-CHAT dataset by training our models on the designated train split
and evaluating them on the full test split (the golden subset). Specifically, we compare the
performance of EgoGazeViT when initialized with weights from standard egocentric gaze
estimation training versus weights obtained via our proposed ego-exo alignment methods.
Results, as shown in Table 8.2, indicate that performance on the Distance metric for all
methods is comparable. However, the Synchronization and Explicit Matching methods yield
some improvements over Standard Training for the LAH metric, with Explicit Matching having
the best performance.

As seen in Table 8.3, the Explicit Matching approach consistently improves over Standard
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Figure 8.3: Architecture for probing learned exocentric gaze representations. We freeze the
encoder, which was initially trained for egocentric gaze estimation, and train a 2-layer MLP
probe to predict Looking at Heads (LAH).

Initialization
Number of People

Full ∏ 3 ∏ 4

Standard Training 0.650 0.630 0.576

SSL Approaches

Synchronization 0.656 0.634 0.578

Implicit matching 0.650 0.626 0.553

Explicit matching 0.660 0.640 0.587

Table 8.3: LAH F1-scores for different splits of the RLR-
CHAT golden subset based on the number of partici-
pants in the sessions. Best results are in bold.

Initialization LAH AP"
Random init 0.178

Standard training 0.262

SSL Approaches

Synchronization 0.498

Implicit Matching 0.371

Explicit Matching 0.304

Table 8.4: Results for exocentric
gaze probing on the full RLR-CHAT
golden subset. Best results are in
bold.

Training across evaluations on different splits of the RLR-CHAT golden subset based on the
number of participants in the sessions (full results in supplementary). This suggests that our
method captures exocentric gaze behaviors beyond shared attention. Shared attention in
RLR-CHAT is predominantly observed when gaze is directed towards other people—a scenario
naturally limited in sessions with only two participants, which constitute the majority of the
dataset. However, the performance gap implies that the model also learns other behaviors,
such as gaze aversion, that help disambiguate the egocentric gaze target.

Probing for Exocentric Gaze. To assess whether training with our proposed method effec-
tively enables the learning of exocentric gaze representations, we probe the trained encoder
by evaluating its performance on exocentric gaze prediction. The probing architecture is
illustrated in Figure 8.3. Specifically, we freeze the trained encoder and train a new exocentric
decoder Dexo to predict LAH labels for RLR-CHAT. The decoder is a 2 layer MLP that operates
on ROI-aligned features corresponding to individuals visible within the egocentric field of
view (Gexo). Specifically, it processes their concatenated features and predicts pairwise LAH
following the formulation of (Gupta et al., 2024a,b). For instance, to predict whether person B
is looking at person C within person A’s FoV, the model proceeds as follows:

LAHB!C = Dexo(GB
exo ,GC

exo) (8.11)
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Initialization/Model
Distance# Heatmap"

Mean Median Prec Recall F1

Cross-Dataset Evaluation

Standard training 0.174 0.151 26.0 52.0 34.7

Synchronization 0.169 0.144 28.6 50.6 36.5

Implicit Matching 0.183 0.154 25.9 53.7 34.9

Explicit Matching 0.170 0.147 27.4 49.3 35.2

Within-Dataset Evaluation

GBVS (Harel et al., 2006) - - 11.1 47.2 18.0

Attention Transition (Huang et al., 2018) - - 29.5 47.6 36.4

I3D-R50 (Feichtenhofer et al., 2019) - - 29.2 52.5 37.5

MViT (Lai et al., 2023) - - 31.7 57.4 40.9

GLC (Lai et al., 2023) 0.156 0.123 34.7 57.0 43.1

EgoGazeViT 0.163 0.131 31.5 56.2 40.4

Table 8.5: Results for egocentric gaze estimation on the Ego4D dataset. Best results are in bold.

Note that the order of individuals supplied to the decoder is crucial, as the LAH prediction is
directional.

We present the results in Table 8.4. Unlike egocentric gaze prediction, where discrete LAH
labels enable direct precision and recall calculations, the predicted LAH values in this setting
are continuous. While applying a threshold can yield discrete values, the precision and recall
scores can vary significantly depending on that choice. Therefore, we report the average
precision (AP) score, which provides a threshold-independent evaluation.

We find that all self-supervised approaches outperform the baseline, indicating that they
successfully capture exocentric gaze information. Notably, the Synchronization approach
significantly improves over the other self-supervised approaches. This may be related to the
more general nature of the alignment task, which allows the exocentric features to encode
global social gaze cues because it does not rely on head crops. The Implicit Matching approach
also surpasses Explicit Matching, however, this may be a result of overfitting to scene geometry
when learning head-identity correspondences. This interpretation is supported by its lower
cross-dataset performance as discussed in the next section.

8.3.3 Evaluation on Ego4D

We provide cross-dataset evaluation results for our RLR-CHAT trained models on Ego4D in
Table 8.5. Overall all methods have a marked drop in distance score, highlighting the domain
gap between the two datasets.

Despite this gap, all self-supervised approaches except Implicit Matching improve over Stan-
dard Training in cross-dataset generalization, illustrating another benefit of ego-exo alignment.
The Synchronization approach has the best overall performance, following results from exo-
centric probing. Interestingly, this trend is not followed for Implicit Matching, which suggests
that the method may be overfitting to scene geometry in order to learn head-identity corre-
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Figure 8.4: Qualitative results on RLR-CHAT for egocentric (top) and exocentric (bottom) gaze
prediction using the encoder initialized with our Explicit Matching based self-supervised
approach. The predicted egocentric gaze heatmap is overlaid on the image, with the ground
truth target marked by a green dot. Predicted exocentric gaze targets are indicated by the
person ID following the ’LAH’ prefix.

spondences.

For comparison with state-of-the-art methods, we additionally train our best model—EgoGazeViT
with Explicit Matching—on Ego4D. Despite relying solely on single frames, it attains strong
performance and even surpasses some temporal models, highlighting the potential of single-
frame approaches in this domain. We observe that different initializations of EgoGazeViT do
not yield significant performance variations on Ego4D, likely due to the pronounced domain
shift between datasets.

8.3.4 Qualitative Results

We present qualitative results for egocentric and exocentric gaze prediction in Figure 8.4,
using the encoder initialized with our Explicit Matching-based self-supervised approach.
For egocentric predictions, we directly overlay the predicted heatmap onto the image. For
exocentric predictions of a given person B , the target is determined by the argmax over LAH
pairs (B ,§), and is visualized if the corresponding value exceeds a threshold of 0.1.

We observe that the model accurately identifies the egocentric gaze target (columns 2-4).
Generally, it tends to focus on salient items such as faces, whereas human gaze can sometimes
be directed toward background individuals (column 1) or be in transition during a gaze shift
(column 5), which is challenging for a static model to capture.

Additionally, we observe that the model effectively leverages exocentric cues to resolve am-
biguities (columns 1–4). However, in scenarios where exocentric gaze information is less
informative (column 5), the model exhibits greater uncertainty, as reflected in the multimodal
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heatmap. Additional qualitative results are provided in the supplementary material.

8.4 Conclusion

In this work, we introduced novel self-supervised learning approaches for egocentric gaze
estimation that leverage ego-exo alignment to implicitly learn exocentric gaze representations.
Our methods improve egocentric gaze prediction in challenging single-frame setting across
RLR-CHAT and Ego4D by likely leveraging the learned exocentric gaze representations. Fur-
thermore, our probing analysis confirms that training with our method enhances the encoder’s
ability to learn these exocentric gaze representations.

Future research could explore integrating spatial audio cues to further refine gaze estimation,
particularly in social settings where auditory information plays a key role in attention and
interaction. Additionally, investigating the generalizability of these self-supervised techniques
in temporal settings could be another interesting direction of research.

8.5 Appendix

Analysis

Implicit Matching vs. Explicit Matching. In Figure 8.5, we examine how well the Implicit
Matching method learns to align egocentric and exocentric gaze features. The model suc-
cessfully matches features in several cases (top row), demonstrating its ability to capture
meaningful ego-exo correspondences. However, it also exhibits failure cases (bottom row),
where mismatches occur. In some cases, such as the bottom right example, failure is expected
because the corresponding exocentric person is outside the field of view. However, the model
also fails in other scenarios (e.g., bottom left), indicating that implicit matching alone may not
always be sufficient for robust alignment.

Impact of number of people. Table 8.6 provides a detailed breakdown of egocentric gaze
estimation performance on different splits of the RLR-CHAT Golden Subset, based on the
number of participants in the included sessions. As expected, performance generally declines
in sessions with a higher number of people due to the increased number of potential gaze
targets and the resulting complexity of the task. Notably, there is an apparent spike in perfor-
mance for sessions with 5 participants; however, since this split comprises only 2 sessions, the
result is likely subject to high variance and may not be representative.

Implementation Details

The model uses a ViT-B encoder initialized with masked autoencoder (MAE) pretraining (He
et al., 2022). The Prediction Module consists of four transformer layers, each with a token
dimension of 384—half the dimension of the ViT tokens. Input images are processed at a

125



Chapter 8. Ego-Exo Gaze Representation Learning

Figure 8.5: Egocentric and exocentric feature alignment results for the Implicit Matching
approach. The correct exocentric person is highlighted with a green box. In the top row, these
are correctly selected by the model. Incorrect selections made by the model are indicated with
dotted white boxes in the bottom row.

resolution of 224£224, and the predicted gaze heatmap is generated at the same resolution,
following the MAE architecture. The ground truth gaze heatmap Hg t is constructed by placing
a Gaussian centered at the gaze point, with a standard deviation of 9.35 pixels. It is converted
to two channels (Hg t ,1°Hg t ) to facilitate training using the cross-entropy loss detailed in
Section 4.4.

Qualitative Comparisons

We provide qualitative comparisons of our models for egocentric gaze prediction in Figures 8.6
and 8.7. In Figure 8.6, all models perform similarly, as these cases involve either a single salient
target or a target positioned near the image center, reducing task complexity.

In contrast, Figure 8.7 highlights scenarios where our ego-exo alignment approaches improve
egocentric gaze prediction. These cases are more ambiguous, featuring multiple salient targets
near the center, making gaze estimation more challenging.

• Row 1: The Standard Training and Implicit Matching approaches incorrectly identify
the target person.

• Row 2: The Synchronization and Implicit Matching approaches struggle to differentiate
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Subset Initialization Distance LAH
Mean Median Precision Recall F1

Full

Standard Training 0.102 0.057 0.538 0.819 0.650
Synchronization 0.100 0.055 0.536 0.843 0.656
Implicit Matching 0.101 0.056 0.533 0.833 0.650
Explicit Matching 0.101 0.055 0.545 0.836 0.660

∏3 people

Standard Training 0.111 0.067 0.524 0.790 0.630
Synchronization 0.110 0.064 0.519 0.815 0.634
Implicit Matching 0.111 0.065 0.512 0.805 0.626
Explicit Matching 0.110 0.065 0.532 0.803 0.640

∏4 people

Standard Training 0.110 0.074 0.466 0.754 0.576
Synchronization 0.107 0.069 0.461 0.771 0.578
Implicit Matching 0.111 0.074 0.438 0.750 0.553
Explicit Matching 0.106 0.069 0.473 0.773 0.587

∏5 people

Standard Training 0.096 0.054 0.542 0.820 0.653
Synchronization 0.090 0.049 0.546 0.849 0.664
Implicit Matching 0.101 0.058 0.524 0.796 0.632
Explicit Matching 0.092 0.052 0.554 0.827 0.664

Table 8.6: Evaluation results on different splits of the RLR-CHAT Golden Subset based on the
number of people in the session. Best results for each split are given in bold.

between two people. The Standard Training approach confidently selects the wrong
target, whereas the Explicit Matching approach correctly identifies the target with high
confidence.

• Row 3: The Standard Training and Synchronization approaches misidentify the tar-
get, while the Implicit Matching and Explicit Matching approaches show uncertainty
between two possible targets.

• Row 4: The Standard Training approach produces a diffused heatmap due to confusion,
whereas the ego-exo alignment approaches correctly select the target. The Explicit
Matching approach still exhibits some uncertainty.

These results suggest that ego-exo alignment helps disambiguate complex scenarios by lever-
aging exocentric gaze cues, leading to more precise egocentric gaze predictions.
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Chapter 8. Ego-Exo Gaze Representation Learning

Figure 8.6: Qualitative results on images from RLR-CHAT where all approaches yield similar
predictions. In these cases, either a single salient target dominates the scene, making gaze
estimation straightforward, or the gaze target is near the image center, reducing ambiguity
across models.
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Figure 8.7: Qualitative results on images from RLR-CHAT where our proposed ego-exo align-
ment approaches improve egocentric gaze prediction compared to standard training. These
cases involve greater ambiguity, with multiple salient targets positioned near the center, mak-
ing gaze estimation more challenging.
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9 Gaze Prediction for Automatically De-
tecting Components of Joint Attention

Early language acquisition is fundamentally social: children learn through interaction, and
joint attention—defined as shared focus on an object or activity (Bakeman and Adamson,
1984)—is widely recognized as a foundational mechanism in this process (Baldwin, 1995).
Emerging around nine months of age (Trevarthen and Hubley, 1978), joint attention has
been repeatedly linked to vocabulary development and broader language skills (Tomasello
and Farrar, 1986; Carpenter et al., 1998; Adamson et al., 2019). Its effectiveness, however,
depends not only on its occurrence but on its composition—such as who is involved and
what modalities are engaged, including gaze, speech, and gesture (Suarez-Rivera et al., 2019;
Abney et al., 2020). Among these, gaze behavior plays a central role (Figure 9.1). Studies using
eye-tracking have shown that fine-grained gaze behaviors—such as parent gaze shifts or infant
sustained attention—can predict future vocabulary outcomes (Yu et al., 2019; Abney et al.,
2020).

Despite these insights, as discussed in Section 2.7, much of the empirical research on joint
attention has relied on constrained laboratory setups or wearable eye-trackers which may
influence participants’ natural behavior (Abney et al., 2020). Most studies also tend to feature
mother-infant dyads in semi-structured tasks like free play (Akhtar et al., 1991; Suarez-Rivera
et al., 2022), limiting generalizability to more diverse or ecologically valid contexts.

An alternative is the manual coding of joint attention related behaviours. However, labor-
intensive coding limits dataset size and diversity, contributing to generalizability issues and the
broader replication crisis in behavioral science (Shrout and Rodgers, 2018). Recent advances
in computer vision and machine learning—particularly in gaze following architectures—offer
a promising alternative. Several models, such as the ones proposed in this thesis, now reliably
predict gaze targets in static images (Gupta et al., 2022; Chong et al., 2020b; Tafasca et al.,
2024). There has now been growing interest in using these models for socially relevant tasks,
including shared attention and gaze-to-face prediction (Li et al., 2023b; Gupta et al., 2024b).

Yet, to date, such models have not been applied to naturalistic child language acquisition
settings. Challenges include the technical barrier of deploying these models and the lack of
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Figure 9.1: Gaze is a central component of joint attention. In this example, we see an instance
of a two-step joint attention episode, consisting of shared attention followed by eye-contact.
Images are from the ChildPlay dataset (Tafasca et al., 2023b).

datasets featuring children. Most existing gaze following datasets focus on adults, and models
trained on these datasets generalize poorly to children (Sciortino et al., 2017). Addressing
this gap, Tafasca et al. (2023b) introduced one of the first publicly available datasets focusing
on child gaze behavior, but it remains limited in scope for studying developmental language
learning in diverse contexts.

In this study published in Dickerman et al. (2025), we present a first step toward adapting
automated gaze-target estimation for use in naturalistic child language data. We focus on a
longitudinal, observational corpus of child language acquisition in Tuatschin-Romansh, a
minority language spoken in Switzerland, featuring children aged 2;0 to 4;0. Our goals are
threefold:

• To investigate the feasibility of using pre-trained gaze prediction models in such settings.
We leverage two of our models, Sharingan (Tafasca et al., 2024) and MTGS (Gupta et al.,
2024b), for this purpose.

• To compare manual and automated annotations on a frame-by-frame basis.
• To assess whether automated gaze point estimates can meaningfully capture joint

attention.

9.1 Dataset

Data were extracted from an unpublished corpus of Tuatschin-Romansh (Mazara et al., shed),
a dialect of the Sursilvan variety of Romansch spoken in the Grisons region in Switzerland
(Maurer-Cecchini, 2021). The corpus consists of longitudinal, naturalistic audiovisual record-
ings of six children between the ages of 2;0 and 4;3. Each child was recorded for approximately
4.5 hours in monthly intervals for either one or two years. Recordings were carried out by
the children’s parents. The recordings are unprompted and feature the target children doing
typical activities at-home, such as playing alone, with siblings, with their parents, or with
grandparents. The corpus is extremely visually diverse, with the camera placed in different
locations around the children’s homes, capturing interactants both near and far from the
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camera.

Two datasets were constructed from samples randomly drawn from this corpus – a testing
dataset and a training dataset. This split allowed us to first fine-tune a gaze-target estimation
model on the training dataset, and then evaluate its performance on the testing dataset.
Fine-tuning is particularly important given the domain gap between our dataset and publicly
available datasets: while public datasets tend to focus on adults, our dataset is captured
with a larger camera field-of-view, and is more centered on household settings, compared to
the more diverse contexts in public datasets. Clips were sampled without replacement and
always consisted of 10 second long video clips, sampled from the dataset at a frame rate of 10
frames-per-second, for a total of 100 frames per video for annotation.

Testing dataset

The testing dataset comprised 20 video-clips, or 2,000 frames, and was annotated fully by four
independent coders, with Coder A treated as ground truth for model evaluations. The data
for this dataset was hand-picked from the Tuatschin-Romansch corpus in the following way:
clips were randomly sampled from the corpus, and then reviewed for high visual quality. Clips
that poorly showed study participants, had camera motion in them, or were otherwise judged
to be visually poor were excluded from the testing dataset. The testing dataset was not chosen
for ecological validity but rather to examine model estimates given ’good’ use-cases from the
naturalistic data.

Training dataset

The training dataset comprised 519 video-clips, or 51,900 frames. Clips were sampled ran-
domly from the corpus. Since some randomly sampled clips lacked participants, additional
clips were added to the dataset to compensate. There are a total of 19 clips in which no person
is visible at any time, and 500 clips in which at least one person appears at any given time. The
dataset was annotated by a team of 14 independent coders.

9.2 Method

We describe the manual annotation protocol, and the automatic annotations obtained using
the gaze models below.

9.2.1 Manual Annotation

Annotation was done using the tool Labelbox (Labelbox, 2024). The coding procedure con-
sisted of two ’passes’ through each video. The first pass involved coding frame-wise elements,
with coders working on one participant at a time:

• Head crop: The head bounding box around the participant’s head in the video frame.
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Figure 9.2: Coding task and model outputs. Images are from the ChildPlay dataset (Tafasca
et al., 2023b). (A) demonstrates the coding task of drawing a head crop and estimating gaze
point within the scene. (B) shows Sharingan model outputs (Tafasca et al., 2024) which
estimates a gaze point within the scene. (C) shows MTGS model outputs (Gupta et al., 2024b)
which estimates gaze point and social gaze components, including Looking at Head (LAH)
and Looking at Each Other (LAEO).

• Gaze point: The estimated location in the frame where the participant was looking.
• Out-of-frame: Marked when the participant was looking off-screen.
• Occluded head crop: Marked when the participant’s head was present in the scene but

occluded from the camera’s view.
• Occluded gaze point: Marked when the gaze target was within the camera’s field of view

but not visible due to occlusion.
• Eyes closed: Marked when a gaze target could not be determined because the partici-

pant’s eyes were closed.
• Looking-at-each-other: Annotated when two participants were looking at each other

simultaneously.
• Shared attention: Annotated when two or more participants were simultaneously look-

ing at the same object or activity.

Joint attention was coded in the second pass. Joint attention was defined to have a minimum
duration of 20 frames (2 seconds) following (Gabouer and Bortfeld, 2021), and was coded
when two or more people were interacting about some shared focal object, activity, or, in some
cases, person.

All participants in all videos were annotated. Coders underwent an in-person training session
on the annotation protocol and completed practice annotations. They received feedback on
the practice annotations, and corrected them as instructed before continuing to the annotation
task. All videos in the training dataset were coded once. 45% of videos in the training dataset
were reviewed and corrected by a secondary experienced coder.
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9.2.2 Automatic Annotation

We applied two gaze following models to the testing dataset to automatically estimate where
individuals in the scene were looking. Visual examples of each model’s input and output are
shown in Figure 9.2 (B) and (C).

Sharingan (Tafasca et al., 2024) is a transformer-based model designed for multi-person gaze
following. It processes both the scene image and individual head crops to predict a per-person
gaze heatmap, which represents the spatial distribution of probable gaze targets across the
image.

MTGS (Gupta et al., 2024b) builds on Sharingan by incorporating temporal modeling and joint
prediction of both gaze following and social gaze behaviors (looking at heads, looking at each
other, shared attention), as described in Section 6.2. Like Sharingan, MTGS also produces a
gaze heatmap per person, with the addition of pairwise social gaze scores. We use the static
version of MTGS for this study.

For both models, we extract the predicted gaze point by selecting the location corresponding
to the maximum value in the gaze heatmap.

9.3 Experiments

Dataset. We use the Tuatschin-Romansh dataset described in Section 9.1.

Tested Models. We compare the performance of the following three models on the testing set:

• Sharingan: Pre-trained on GazeFollow (Recasens et al., 2015) and fine-tuned on VideoAt-
tentionTarget (Chong et al., 2020b).

• Publicly-trained MTGS: Pre-trained on GazeFollow and fine-tuned on VSGaze (Sec-
tion 3.4). Notably, VSGaze includes the ChildPlay dataset (Tafasca et al., 2023b), which
contains child-centric interactions. As a result, this model is trained on data more
similar in domain to the Tuatschin-Romansh dataset than Sharingan.

• Fine-tuned MTGS: The publicly-trained MTGS model above is further fine-tuned on the
Tuatschin-Romansh training set.

Training and Validation. For fine-tuning MTGS, we use 450 clips from the training split,
reserving the remaining 50 clips for validation and model selection. The model is trained
for 20 epochs using the AdamW optimizer with a base learning rate of 3£10°5 and a cosine
annealing schedule with warm restarts. Stochastic Weight Averaging (SWA) is applied starting
from epoch 12, using a reduced learning rate of 1£10°5.

Metrics. We use two metrics to compute coder reliability between annotators as well as
compute model performance:

• Interclass Correlation Coefficient (ICC): We calculated the intraclass correlation coef-
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ficient (ICC) following (Koo and Li, 2016), separating x- and y- coordinates due to
differences in their possible range. Four independent coders annotated all 2,000 frames
in the testing dataset. Coder A was treated as the ground-truth. ICC assumes data-point
independence; in our testing dataset, temporally adjacent data-points are more similar
than non-adjacent data-points. To address interdependency between data-points, one
set of gaze point coordinates was sampled per individual in each video clip. This resulted
in 48 data-points, above the recommended threshold of 30 (Koo and Li, 2016).

• Distance: We compute the standard gaze following distance metric (Section 4.1.1).
Coder A was again treated as the ground truth. This metric also faces the issue of inter-
dependent data-points, but in order to follow the standard, distance was calculated
by aggregating all data-points. We also calculated a separate distance metric using
the random sample extracted for ICC calculation, to allow for comparison between
independent data-points.

For both metrics, only data-points coded by all four coders were included in the calculation,
as is standard for the ICC metric. Additionally, gaze points coded with the exceptions eyes
closed, obscured head crop, obscured gaze point, and out-of-frame were removed from the pool
prior to random sampling.

In addition, for MTGS, we compute precision, recall and F1 scores for looking at heads and
looking at each other following the post-processing protocol described in Section 4.2.1. For
shared attention, we similarly compute these scores by thresholding decoder outputs at 0.1.

9.4 Results

Manual Annotation Statistics

Of the 51,900 frames in the training dataset, 49,355 contained at least one person. 113,776 head-
crops were coded, of which 88,855 had a gaze point estimate. Missing gaze point estimates
were largely coded by one or more gaze-exceptions: eyes closed (2,310), out-of-frame (12,308),
obscured head-crop (6,605), and obscured gaze point (17,471). Shared attention was coded in
13,378 participants, eye contact in 3,460 participants, and joint attention in 22,487 participants.

In the testing dataset, all 2,000 frames contained at least one person. A total of 4,931 head-
crops were coded, of which 4,014 had a gaze point estimate. Gaze exceptions coded were eyes
closed (109), out-of-frame (318), obscured head-crop (346), and obscured gaze point (480).
Shared attention was coded in 1,418 participants, eye contact in 323 participants, and joint
attention in 2,346 participants.

Coder Reliability and Model Performance

Manual coder reliability was assessed with a two-way random effects model for absolute agree-
ment, yielding excellent agreement for both x- (0.91, 95% CI [0.88, 0.95]) and y-coordinates
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Table 9.1: Metrics comparing manual and automated gaze point estimates.

Shared Attention Looking at Heads Looking at Each Other
Public Fine-tuned Public Fine-tuned Public Fine-tuned

Precision 0.329 0.407 0.608 0.699 0.902 0.852
Recall 0.793 0.711 0.432 0.451 0.372 0.351
F1 0.465 0.518 0.505 0.548 0.527 0.497

Table 9.2: Performance for social gaze for the publicly-trained and fine-tuned MTGS models.
Best results are given in bold.

(0.96, 95% CI [0.94, 0.98]). Automated gaze-target estimation reliability was assessed for each
model against ground truth (Coder A) using a two-way mixed effects model for absolute
agreement. Manual coders were also individually assessed against ground truth with two-way
random effects models for absolute agreement. ICC reliability may be interpreted as: < 0.5:
poor, 0.5 - 0.75: moderate, 0.75 - 0.9: good, and > 0.9: excellent. Both ICC and the distance
metric are available in Table 9.1.

Manually coded data generally shows excellent reliability, and model-coded data shows moder-
ate to good reliability. In both metrics, the model which performs best is the fine-tuned MTGS,
and human coders out-perform all automatic coding methods. All plots are right-skewed, but
manually coded plots show less spread and finer clustering around 0 compared to the model
estimates.

We also compare social gaze performance of the publicly-trained and fine-tuned versions
of MTGS. Precision, recall, and F1 metrics for both models are available in Table 9.2. The
fine-tuned model improves over the publicly-trained version for looking at heads and shared
attention, but has a drop in performance for looking at each other.
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Figure 9.3: Distance between gaze points in frames with only two people in the testing dataset.
We compare four coding methods; manual estimates, Sharingan estimates, and both publicly-
trained and fine-tuned MTGS estimates.

Distribution of social gaze components relative to joint attention

In the training dataset, we assessed the frame-wise frequency of each social gaze component
in participants coded with and without joint attention. Joint attention occurs in 22,487 partici-
pants in the dataset. Of these, 2,990 participants (13.3%) were Looking at Heads (LAH), 824
(3.7%) were Looking at Each Other (LAEO), and 4,158 (18.5%) were Sharing Attention(SA). Joint
attention does not occur in 91,296 participants in the dataset. Of these, 10,231 participants
(11.2%) were Looking at Heads (LAH), 2,636 (2.9%) were Looking at Each Other (LAEO), and
9,220 (10.1%) were Sharing Attention (SA). Significance testing was not carried out due to
interrelated data-points.

In the testing dataset, joint attention occurs in 2,346 participants. Of these, 466 (19.9%) were
LAH, 219 (9.3%) were LAEO, and 965 (41.1%) were SA. Joint attention does not occur in 2,588
participants. Of these, 368 (14.2%) were LAH, 104 (4.0%) were LAEO, and 453 were (17.5%) SA.

To compare all models, we also calculated the distance between participants’ gaze points
during and outside of joint attention, as a proxy to shared attention. We restricted the sample
to only include frames with two people coded. Distributions are shown in Figure 9.3. We
observe similar distributions across all coding methods during and outside of joint attentional
frames.
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9.5 Conclusion

In this study, we present the first application of automatic gaze-target estimation models to a
naturalistic child language acquisition corpus, assessing their ability to approximate human-
coded gaze annotations and capture patterns of joint attention. Our results indicate that while
human coders still outperform current models in terms of precision and frame-level accu-
racy, automated estimates—particularly those from models fine-tuned on domain-specific
data—fall within accepted inter-rater reliability standards. Notably, the fine-tuned version
of MTGS, trained on a subset of the Tuatschin-Romansh corpus, consistently outperforms
Sharingan and the publicly trained MTGS in aligning with manual annotations.

The differences between model performances can be partly attributed to the training data:
MTGS was trained on a dataset containing both adult and child interactions, while Sharingan
was trained mainly on adult data. Our findings further suggest that fine-tuning on visually and
contextually similar data improves model reliability, especially for downstream use cases such
as inferring joint attention. While exact point-level agreement between human and machine
annotations remains imperfect, gaze-point distance distributions produced by the models are
still predictive of joint attention states, supporting their utility for broader behavioral analyses
over time.

Despite these promising results, we caution that automated estimates may still reflect hidden
biases—such as a tendency to predict gaze near salient objects like hands—that warrant
further investigation. Moreover, our testing dataset consisted of visually optimal clips chosen
to maximize model performance; as such, the results are not fully generalizable to the more
visually challenging segments of the corpus. Naturalistic data introduces inherent complex-
ity—children may be in motion, partially occluded, or facing away from the camera—all of
which complicate both manual and automatic annotation.

Nevertheless, this work demonstrates the feasibility of applying gaze-target estimation mod-
els to naturalistic, third-person video data in developmental research. It also highlights the
importance of domain adaptation through fine-tuning, a practical alternative to construct-
ing large task-specific datasets from scratch. As automatic annotation tools continue to
evolve, they offer a promising avenue for scaling behavioral research in naturalistic environ-
ments—unlocking new opportunities to explore social, cognitive, and linguistic development
at scale.
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10 Conclusion

This thesis addressed the problem of predicting gaze behaviour in naturalistic settings, with
an emphasis on gaze following and higher-level social gaze understanding. Motivated by
the need for semantic, scalable, and context-aware models of gaze, we introduced a range of
methods and resources that advance the field across multiple dimensions.

10.1 Summary of Contributions

Our contributions span from new datasets and evaluation protocols to multimodal archi-
tectures and unified frameworks. Table 10.1 summarizes the overall progression of our gaze
following models throughout this PhD, showing consistent improvements over time, with the
latest MTGS-DINO model achieving the best overall performance.

More specifically, the work is organized across several key directions.

Datasets. To address the limitations of existing datasets—particularly the lack of contextual sig-
nals such as speaking status, limited task coverage, and insufficient semantic annotation—we
introduced several new datasets and extensions in Chapter 3. Specifically:

• ChildPlay-audio augments the ChildPlay dataset (Tafasca et al., 2023b) with frame-wise
speaking annotations, enabling multimodal modeling of social attention.

• VSGaze provides unified and extended gaze annotations (including LAH, LAEO, and SA)
across multiple gaze datasets, facilitating multi-task learning.

• Semantic gaze annotation extensions to the RLR-CHAT dataset (Murdock et al., 2024;
Yun et al., 2024) help support ego-exo modeling and more semantically grounded
evaluation.

These resources serve as a foundation for training and evaluating models across a broad range
of gaze-related tasks.

Evaluation. Existing gaze evaluation protocols primarily focus on spatial localization, offering
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Model
GazeFollow VideoAttentionTarget

Min. Dist.# Avg. Dist.# Dist.# AP IO"

Gupta et al. (2022) 0.071 0.134 0.122 0.864
Tafasca et al. (2023b) 0.064 0.125 0.109 0.834
Sharingan (Tafasca et al., 2024) 0.057 0.113 0.107 0.891
MTGS (Gupta et al., 2024b) 0.059 0.116 0.114 0.843
MTGS-DINO 0.043 0.098 0.096 0.878

Table 10.1: Comparison of gaze following performance of our models on the GazeFollow
(Recasens et al., 2015) and VideoAttentionTarget (Chong et al., 2020b) datasets. Best results are
given in bold. We see consistent improvements, with our latest MTGS-DINO model providing
the best overall performance.

little insight into the social or semantic meaning of gaze behavior. In Chapter 4, we addressed
this gap by introducing:

• New metrics and evaluation protocols for assessing social gaze behaviors—looking at
heads (LAH), mutual gaze (LAEO), and shared attention (SA)—both as post-processed
gaze following outputs and as direct model predictions.

• A revised evaluation protocol for shared attention that resolves key shortcomings in
prior work by allowing multiple shared attention instances per frame and explicitly
modeling the involved participants.

• Gaze-following-inspired metrics for egocentric gaze estimation, supporting more inter-
pretable and semantically grounded evaluation in first-person settings.

Multimodal Gaze Following. Gaze following is challenging and requires reasoning about
multiple contextual cues. Here, additional modalities such as body pose can help signal salient
targets and body orientation. Meanwhile, depth information can help filter out potential
targets along the 2D line of sight but not visible in 3D. Motivated by this, we introduced two
multimodal architectures in Chapter 5:

• The first is a modular architecture that integrates RGB, depth, and body pose using
attention-based fusion. It further supports inference using only depth and pose, which
are inherently anonymized, allowing applicability in privacy-sensitive settings.

• The second proposes a principled use of depth to construct a 3D Field of View (3DFoV)
representation that highlights visible parts of the scene in 3D. This facilitates geometric
reasoning and leads to improved generalization across datasets.

In addition, in Chapter 7, we showed that recent vision-language models can be used to extract
gaze relevant contextual cues related to people’s pose, gestures and interactions, which can
then be used to improve gaze performance.

Unified Social Gaze Prediction. While social gaze cues like mutual gaze or shared attention
are often more relevant than raw gaze points, prior models have treated these as separate
tasks. In Chapter 6, we proposed unified modeling strategies:
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• We first extended the Sharingan model (Tafasca et al., 2024) with task-specific decoders
trained on disjoint datasets for LAH, LAEO, and SA.

• We then proposed MTGS, a unified framework that jointly models gaze following and so-
cial gaze tasks. MTGS incorporates architectural improvements and temporal modeling,
and demonstrates benefits from multi-task training.

• We further demonstrated that MTGS benefits from recent foundation models such as
DINOv2 (Oquab et al., 2023), achieving new state-of-the-art performance.

Learning Ego-Exo Gaze Representations. Egocentric gaze estimation is challenging, but can
be improved by leveraging exocentric gaze information of other individuals in the scene. In
Chapter 8, we proposed novel approaches for jointly learning ego-exo gaze representations,
with the exo representations learned via self-supervision. Our results demonstrated that
single frame methods can achieve strong performance, our approaches enable learning of exo
representations as validated via a probing task, and that learning these representations leads
to improved egocentric gaze predictions.

Application to Naturalistic Child Data. Finally, we demonstrated the feasibility of applying
these models to naturalistic, unstructured video in the context of early language development.
Gaze is a key component of joint attention, but typical studies have been limited to controlled
setups, and the use of eye-trackers or manual coding for annotations. This hinders generaliz-
ability of results. In Chapter 9, we applied our models to a corpus of child–adult interactions,
aiming to analyze components of joint attention. Our results show that model predictions are
reliable, and follow manual annotation distributions across joint attention states—offering a
promising step toward scalable behavioral analysis in developmental research.

10.2 Limitations and Future Directions

While this thesis advances the state of gaze prediction across several axes, a number of impor-
tant questions remain open. We outline several key limitations and corresponding directions
for future research.

More Metrics. A diverse set of metrics is essential for capturing the full range of model
behaviors and failure modes. Future work could develop metrics that specifically evaluate
3D gaze following performance, or assess model robustness under varying conditions such
as when the eyes are visible or occluded. Other possibilities include the development of
event-level metrics that can capture temporal behaviours such as joint attention.

Other Modalities. A promising direction for future work is further exploring the integration
of additional modalities such as audio and text. We have already seen that speaking status
can enhance MTGS, and that spatial audio can improve egocentric gaze estimation. We also
used text inputs to vision-language models (VLMs) in order to extract gaze-relevant contextual
cues. However, both audio and text carry rich semantic information beyond what has been
explored so far—audio may convey conversational dynamics, emotional tone or indicate the
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interacted object, while text may describe the scene or broader setting. Another potential
research direction could involve distilling information from these modalities so that they are
not required at inference time.

Leveraging Foundation Models. We showed that MTGS benefits from strong visual represen-
tations using DINOv2 (Oquab et al., 2023), and that VLMs like BLIP-2 (Li et al., 2023a) can
identify human activities in a zero-shot setting. Going ahead, evaluating the gaze reasoning
capabilities of the latest multimodal large language models—such as GPT-4o (Hurst et al.,
2024)—offers exciting opportunities to incorporate broader semantic understanding and
world knowledge into gaze prediction systems.

Temporal and Interaction Modeling. Although MTGS includes temporal reasoning within
the person branch, future models could explore richer temporal modelling including scene
dynamics (e.g. moving objects) and hand gestures. Incorporating gaze behaviors such as
saccades and gaze shifts could further enhance the model’s ability to learn fine-grained
temporal dependencies. Additionally, longer-term temporal context could aid disambiguation
by revealing which objects or people have been interacted with over the temporal window.

Scaling Annotations. The scarcity of large-scale, densely annotated datasets remains a major
obstacle. One approach is to generate pseudo-annotations using strong pretrained models,
as demonstrated in our VSGaze construction. Another promising avenue is to apply self-
supervised or contrastive learning to large unlabelled video corpora, which could enable
learning of gaze-relevant representations without relying on costly manual labels.

Expanding Downstream Applications. Beyond joint attention in child–adult interactions,
another high-impact application lies in supporting autism diagnosis. As discussed in Chap-
ter 2, gaze is a well-established behavioral marker for autism. We are currently exploring
the use of gaze models to analyze child–clinician interactions in diagnostic settings, with the
goal of developing automated tools to support clinicians in early screening and intervention.
Another promising direction involves applying gaze models in online, interactive settings such
as human–robot interaction. These scenarios introduce new challenges, most notably the
need for low-latency inferences.

Ethical Considerations. Given the sensitive nature of gaze and attention data—especially in
applications involving children or health—future work must prioritize privacy, transparency,
and informed consent. It is essential that models be deployed only in contexts that respect par-
ticipants’ autonomy and are aligned with the intended use cases. Additionally, understanding
and mitigating bias in pretrained gaze models is an open research priority.
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