2 k) | (

g z

"Q o UNIVERSITA DEGLI STUDI DI
% §

5, IS

2 MODENA E REGGIO EMILIA

2 <
75

University of Modena and Reggio Emilia

Department of Engineering “Enzo Ferrari

XXXVIII cycle of the Doctorate School in

Information and Communication Technologies (ICT)

From Human Visual Attention

to Computational Models:

Scanpath Prediction and Real-World Applications

Ph.D. Dissertation

GIUSEPPE CARTELLA

Advisor: Prof. Rita Cucchiara
PhD Programme Coordinator: Prof. Luigi Rovati



Advisor:

Prof. Rita Cucchiara University of Modena and Reggio Emilia

PhD Programme Coordinator:

Prof. Luigi Rovati University of Modena and Reggio Emilia

Review Committee:

Prof. Andreas Bulling University of Stuttgart
Prof. Raffaella Lanzarotti University of Milan

“ITSERR - Italian Strengthening of the ESFRI RI RESILIENCE” - cod. Pro-
getto IR0000014 — CUP B53C22001770006 - PIANO NAZIONALE DI
RIPRESA E RESILIENZA (PNRR) MISSIONE 4, COMPONENTE 2, IN-
VESTIMENTO 3.1 “Fondo per la realizzazione di un sistema integrato di infras-
trutture di ricerca e innovazione” finanziato dall’Unione europea — NextGener-
ationEU - rif. Avviso MUR 3264/2021 - Decreto di concessione n.0000111 del
20/06/2022.

Ministero
dell’'Universita

e della Ricerca

The work described in this thesis has been carried out within the International
Doctorate in Information and Communication Technologies (ICT), at the
AlmageLab research laboratory of the University of Modena and Reggio Emilia.



This dissertation was typeset by the author using XIEX 2¢, originally developed
by Leslie Lamport and based on Donald Knuth’s TEX. The body text is set in
11 point Egenolft-Berner Garamond, a revival of Claude Garamont’s humanist
typeface.

Copyright © 2026 by Giuseppe Cartella

All rights reserved. No part of this publication may be reproduced or transmitted in any
form or by any means, electronic or mechanical, including photocopy, recording, or any
information storage and retrieval system, without permission from the author.






1o my family






From Human Visual Attention
to Computational Models:

Scanpath Prediction and Real-World Applications

ABSTRACT

Human visual attention is a fundamental cognitive process that enables indi-
viduals to efficiently interpret complex visual environments. By selectively priori-
tizing salient and task-relevant regions, humans extract critical information while
suppressing irrelevant stimuli. This selective mechanism supports perception,
decision-making, and interaction with a dynamic world. Foundational work in
neuroscience and cognitive science has established key principles of spatial atten-
tion, feature-based selection, and the interaction between top-down and bottom-
up control. In parallel, advances in Artificial Intelligence and Computer Vision
have inspired autonomous systems that emulate human prioritization of visual
information. Unlike traditional saliency models that predict static regions of in-
terest, scanpath models capture both spatial and temporal aspects of visual ex-
ploration, including the sequence, timing, and trajectory of gaze shifts. This the-
sis introduces probabilistic and generative frameworks for scanpath prediction,
contributing to a deeper understanding and modeling of temporal dynamics and
inter-subject variability.

We propose TPP-Gaze, a mathematically principled framework, inspired by
the theory of Neural Temporal Point Processes, which conceptualizes scanpaths
as sequences of stochastic events occurring irregularly over time. This formu-
lation addresses a key limitation of existing approaches: while many accurately
model where to look, they often lack a principled representation of when gaze

shifts occur. By explicitly modeling temporal evolution, TPP-Gaze provides a
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more complete description of visual attention dynamics. Human attention is in-
herently variable across individuals, influenced by cognitive biases, preferences,
and context. To capture such variability, we introduce ScanDiff, a stochastic
diffusion-based model capable of generating diverse and realistic gaze trajectories.
Unlike methods that produce a single average scanpath, ScanDiff reflects the nat-
ural heterogeneity of visual behavior across observers.

Beyond methodological contributions, this research provides a comprehen-
sive overview of current models and datasets, highlighting trends, challenges, and
opportunities for integrating human attentional mechanisms into artificial sys-
tems. The practical relevance of the proposed models is demonstrated through
eye-tracking experiments and data collection across multiple domains. These
include studies on gaze behavior in authentic versus manipulated images, the
integration of perceptual signals into deepfake detection frameworks, and the
analysis of attention in neurodevelopmental conditions. Additionally, the thesis
introduces new resources, including a large-scale multimodal egocentric dataset
capturing gaze, motion, and environmental context in culturally diverse settings.
These data reveal distinctive attentional patterns and cognitive mechanisms, in-
forming the design of human-centered computational models for applications
such as media authenticity assessment, behavioral analysis, and multimodal at-
tention modeling.

In conclusion, this thesis advances the study of human visual attention by (7)
developing computational models that capture the spatio-temporal structure of
scanpaths, (77) providing empirical evidence into gaze dynamics under varied con-
ditions, and (zz7) exploring real-world applications of attention modeling. By
bridging cognitive science and artificial intelligence, this work deepens theoret-
ical understanding while enhancing the computational modeling of human-like

visual behavior.
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Dall’ Attenzione Visiva Umana

ai Modelli Computazionali:
Predizione dello Scanpath e Applicazioni in Scenari Reali

SOMMARIO

Lattenzione visiva umana ¢ un processo cognitivo che consente agli individui
di interpretare in modo efficiente ambienti visivi complessi. Attraverso la pri-
oritarizzazione di regioni salienti e rilevanti per il problema, gli esseri umani es-
traggono informazioni critiche sopprimendo al contempo gli stimoli irrilevanti.
Questo meccanismo di selezione supporta la percezione, il processo decisionale e
'interazione con un mondo dinamico. Studi nelle neuroscienze hanno stabilito
principi chiave dell’attenzione spaziale, della selezione basata sugli attributi visivi e
dell’interazione tra controllo top-down e bottom-up. I progressi nell'Intelligenza
Artificiale e nella Computer Vision hanno ispirato lo sviluppo di sistemi au-
tonomi in grado di emulare la prioritarizzazione umana delle informazioni visive.

A differenza dei modelli di salienza tradizionali, che predicono regioni di in-
teresse statiche, i modelli di scanpath catturano sia gli aspetti spaziali che quelli
temporali dell'esplorazione visiva, inclusi la sequenza, la tempistica e la traiettoria
dello sguardo. Questa tesi introduce framework probabilistici e generativi per la
generazione degli scanpath, contribuendo a una comprensione pit1 approfondita
delle dinamiche temporali e della variabilita tra individui.

Proponiamo TPP-Gaze, un framework ispirato alla teoria dei Neural Tempo-
ral Point Processes, che concettualizza gli scanpath come sequenze di eventi sto-
castici che accadono in modo irregolare nel tempo. Tale formulazione affronta
un limite chiave degli approcci esistenti: mentre molti modelli rappresentano ac-
curatamente dove guardare, spesso mancano di una rappresentazione rigorosa di

quando avvengono gli spostamenti dello sguardo. Modellando esplicitamente
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Ievoluzione temporale, TPP-Gaze fornisce una descrizione pitt completa delle di-
namiche dell’attenzione visiva. L’attenzione umana ¢ intrinsecamente variabile
tra individui, influenzata da bias cognitivi, preferenze e contesto. Per catturare
tale variabilitd, introduciamo ScanDiff, un modello stocastico basato su diffu-
sione, capace di generare traiettorie di sguardo diverse e realistiche. A differenza
dei metodi che producono un singolo scanpath medio, ScanDiff riflette la natu-
rale eterogeneita del comportamento visivo.

Oltre ai contributi metodologici, questa ricerca fornisce una panoramica com-
pleta dei modelli e dei dataset attuali, evidenziando trend, sfide e opportunita per
integrare i meccanismi attentivi umani nei sistemi artificiali. La rilevanza prat-
ica dei modelli proposti ¢ dimostrata attraverso esperimenti di eye-tracking e rac-
colta dati in diversi domini. Questi includono studi sul comportamento visivo
in immagini autentiche rispetto a immagini manipolate, I'integrazione di segnali
percettivi per il rilevamento dei deepfake e I'analisi dell’attenzione in condizioni
neuroevolutive.

Inoltre, la tesi introduce un dataset egocentrico multimodale che cattura
sguardo, movimento e contesto ambientale in ambiti culturalmente diversifi-
cati. Questi dati rivelano pattern attentivi distintivi, contribuendo alla pro-
gettazione di modelli centrati sull’'uomo per applicazioni quali la valutazione
dell'autenticita dei media, lanalisi comportamentale e la modellazione multi-
modale dell’attenzione.

In conclusione, questa tesi avanza lo studio dell’attenzione visiva umana at-
traverso (7) lo sviluppo di modelli computazionali che catturano la struttura
spazio-temporale degli scanpath, () la definizione di evidenze empiriche sulle di-
namiche dello sguardo in diverse condizioni e (777) I'esplorazione di applicazioni
reali della modellazione dell’attenzione. Collegando scienze cognitive e intelli-
genza artificiale, questo lavoro approfondisce la comprensione teorica e migliora

la modellazione computazionale del comportamento visivo umano.
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Introduction

UMAN visual attention constitutes one of the fundamental mecha-
nisms through which humans perceive and interact with the real
world. The human visual system enables individuals to navigate com-

plex environments, prioritize relevant information, and make rapid decisions un-
der uncertainty. Vision is not merely a passive recording of the external stimuli,
but rather an active process of information sampling and interpretation. What
we look at, and in what order, reflects our goals, expectations, and experiences.
Attention plays an essential role in human cognition and survival. Due to the
overwhelming amount of incoming sensory information at any given time, evo-
lution has molded the ability of selective attention. The totality of inputs cannot
be fully processed; thus, the brain transforms sensory data into structured and
meaningful representations, allowing for the most effective action to survive in a
changing environment. Eye movements provide a tangible trace of this process,

offering measurable insights into the dynamics of attention.

The study of visual attention has long been central to cognitive science, neu-
roscience and psychology. Behavioral studies, neurophysiological investigations,

and computational neuroscience research have established theoretical frame-



1. INTRODUCTION

works describing how perceptual prioritization operates in the brain. These
frameworks distinguish between bottom-up and top-down processes, overt and
covert shifts of attention, and spatial versus feature-based selection mechanisms,
providing foundational conceptual tools for understanding attentional selection.
Within computational neuroscience, attention has been modeled as a set of mod-
ulatory mechanisms influencing sensory processing and decision-making, includ-
ing seminal frameworks such as the biased competition theory of Desimone and
Duncan [113] and the normalization model of attention proposed by Reynolds
and Heeger [295]. Together, these perspectives have contributed to a more com-

prehensive understanding of the neural and cognitive processes.

However, early theories of attention were largely descriptive. Although
they provided comprehensive explanations of attentional phenomena, they did
not yield predictive mechanisms capable of generalizing across diverse contexts.
Moreover, many empirical findings were derived from controlled laboratory set-
tings using simplified stimuli and constrained tasks. While these approaches en-
abled precise hypothesis testing, they often failed to capture the complexity and
semantic richness of natural visual behavior. As a consequence, there emerged
a practical need to complement descriptive theories with more quantitative and
predictive frameworks, motivating the development of computational models
of visual attention. Computational modeling serves several essential purposes.
It translates theoretical concepts into explicit mathematical formulations and al-
gorithmic procedures. Furthermore, it enables simulation and prediction, allow-
ing researchers to test how well a model reproduces empirical findings such as
fixation patterns, reaction times, or neural responses. Over the past few decades,
extensive research has been conducted, resulting in the proposal of several mod-
els aimed at predicting attention allocation towards visual and, more recently,
multimodal stimuli. These models have garnered increasing interest in the com-
puter vision and pattern recognition community since the seminal publication of
the Itti et al. [177] model, which translated principles of early visual processing
into a practical algorithm for predicting bottom-up attentional allocation, paving
the way to potential applications in various fields ranging from image and video

analysis, robotics, natural language processing, and autonomous driving. Early
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1.0. INTRODUCTION

computational approaches relied on hand-crafted features and explicitly designed
components grounded in neurobiological discoveries. While interpretable and
theoretically motivated, these models were limited in their ability to scale to com-
plex, real-world stimuli.

The advent of Deep Learning, together with advances in eye-tracking tech-
nology and the availability of larger gaze datasets, facilitated the transition to-
ward data-driven methodologies. Deep neural networks have demonstrated re-
markable improvements in saliency and scanpath prediction by learning high-
dimensional mappings between visual input and fixation distributions. In this
regard, it has become evident that computational models that mirror biological
processes can enhance agents’ ability to maximize their information intake over
time with respect to an internal or external goal.

In robotics and active perception [8, 23], attention mechanisms have been
studied as a means of improving perceptual efficiency and guiding action in real-
time environments. In these settings, attentional selection is closely tied to the
problem of resource allocation under computational and sensory constraints, en-
abling agents to focus processing on task-relevant regions of the environment.
In addition, as noted in [404], the capacity of an Al agent to perceive and inter-
pret human gaze contributes to an efficient and seamless human-machine inter-
action. By deciphering the nuances of gaze patterns, an Al agent gains the ability
to engage with users on a deeper level, anticipating their needs and preferences,
reacting intuitively to user inputs. In human-computer interaction (HCI), atten-
tional processes have also been extensively investigated both as a modality for gaze-
based interaction and as a valuable source of information for understanding user
behavior. Insights derived from eye-tracking studies have informed user model-
ing and the design of interfaces that better align with human perceptual strategies,
ultimately improving usability, safety, and the overall user experience [178, 179].

Understanding and modeling human visual attention is also important not
only for theoretical reasons but also for its broad societal and technological
impact. In clinical psychology, studying attentional mechanisms provides a
deeper understanding of disorders such as attention-deficit/hyperactivity disor-

der (ADHD) or autism spectrum conditions.



1. INTRODUCTION

A substantial body of eye-tracking research has documented atypical visual at-
tention patterns, including reduced fixation on eyes and socially relevant stimuli,
and altered scanpath behavior in naturalistic environments [100, 259, 357]. De-
velopmental studies further indicate that these differences emerge early in life,
particularly in joint attention and gaze-following behaviors, which are consid-
ered foundational mechanisms for social cognitive development [34, 342]. These
findings suggest that atypical attentional allocation in autism may reflect both al-
tered perceptual salience and differences in top-down attentional control.

In education, eye-tracking methodologies have been increasingly employed to
investigate learning strategies, expertise acquisition, reading comprehension, and
classroom interactions, providing objective measures of learners’ cognitive pro-
cesses and supporting the design of more effective instructional environments
[181]. In marketing and consumer research, the analysis of visual attention has of-
fered valuable insights into how individuals explore advertisements, product dis-
plays, and retail environments, contributing to the understanding of consumer
decision-making and informing the design of more effective communication and
product presentation strategies [365]. Collectively, these applications under-
score the broad relevance of visual attention research across disciplines and high-

light its potential to address both scientific and practical challenges.

1.1 RESEARCH OBJECTIVES & CONTRIBUTIONS

Despite these advances, several challenges remain, and a fundamental question
arises: how closely do these systems reflect the mechanisms that guide human percep-
tion?

CURRENT LIMITATIONS IN ATTENTION MODELING. Most computational
models conceptualize attention as a static mapping from an image to a saliency
map. In contrast, human gaze behavior unfolds over time: the decision of where
to look next is inherently sequential, shaped by prior fixations. The limitations
of saliency models have motivated the development of scanpath models, which
aim to predict gaze trajectories in both space and time, thereby capturing the tem-

poral dynamics of visual exploration. However, existing scanpath prediction so-

4



1.1. RESEARCH OBJECTIVES € CONTRIBUTIONS

lutions often lack a theoretically grounded formulation of temporal dynamics.
Instead, they typically rely on heavily engineered architectures that do not explic-
itly disentangle spatial selection from fixation duration. As a result, these models
provide a limited understanding of the distinct mechanisms underlying where

and how long we look.

Another major challenge concerns the variability of gaze behavior. Most com-
putational models are trained to predict aggregate scanpaths averaged across ob-
servers. Yet visual attention is shaped by individual differences in cognitive strate-
gies, prior experiences, task interpretation, and perceptual biases. Treating vari-
ability as noise obscures potentially meaningful structure in gaze behavior. Fail-
ing to explicitly model such variability limits the ability to capture the nuanced
ways in which individuals explore visual scenes. A principled framework for gaze
prediction should therefore account for both shared attentional patterns and sys-
tematic individual differences. Current evaluation protocols predominantly re-
ward performance on averaged behaviors and offer little support for assessing

how well models capture variability across observers.

While gaze prediction has matured into a well-established task with clear prac-
tical relevance, many application domains remain underexplored in leveraging
gaze as a supervisory or guiding signal. Moving beyond the development of at-
tention models, this thesis investigates gaze as a functional component within
real-world Al systems, examining how human visual behavior can actively inform
and enhance intelligent decision-making processes. The research spans emerging
technical challenges such as deepfake detection, as well as visually and culturally
significant environments, including religious architecture. In parallel, it explores
the causal characteristics of gaze behavior in neurodevelopmental disorders. In
these contexts, incorporating human gaze signals into the training process may
improve interpretability, robustness, and alignment with human perceptual pri-
orities. These considerations are particularly salient in the era of modern Al
As artificial agents are increasingly deployed in socially embedded, safety-critical,
and interactive environments, there is growing recognition that systems must also
be interpretable, human-aligned, and capable of operating in ways that resonate

with human perceptual and behavioral patterns.



1. INTRODUCTION

TuEesis CONTRIBUTIONS. In light of the challenges outlined above, the cen-
tral objective of this thesis is to develop a unified computational framework that
models human visual attention as a temporally structured, goal-dependent, and
informative process, while leveraging gaze signals to improve the interpretability
and performance of artificial intelligence systems.

More specifically, this thesis has the following objectives and makes the follow-

ing contributions:

* Formalizing gaze as a sequential and adaptive information sampling
strategy. We introduce a computational approach that explicitly models
the sequential dependencies between fixations, capturing the dynamic evo-
lution of attention over time. Inspired by the theory of Neural Temporal
Point Processes, the proposed framework enables the generation of realis-

tic scanpaths that better reflect natural viewing behavior.

* Accounting for inter-individual variability and rethinking evalua-
tion protocols. The thesis proposes a diffusion-based strategy that treats
variability as structured information rather than noise. This contributes
to a more nuanced and cognitively grounded representation of attentional
processes. We critically examine current evaluation protocols based on
population-averaged scanpaths and propose alternative perspectives that

better assess individual-level behavior.

* Leveraging gaze as a supervisory and alignment signal for Al sys-
tems. The thesis sheds light on the integration of human gaze behaviorasa
supervisory signal in domains where its potential remains largely underex-
plored. In particular, within the context of deepfake detection, we demon-
strate that human observers exhibit systematic and distinguishable atten-
tional patterns when viewing authentic versus manipulated images. By
incorporating such gaze-derived signals into deepfake detection pipelines,
we show that it is possible to guide model attention toward perceptually
informative regions, thereby improving detection performance. Another

contribution concerns neurodevelopmental disorders. While it is widely

6



1.1. RESEARCH OBJECTIVES € CONTRIBUTIONS

recognized that gaze is an important biomarker for the early diagnosis of
autism, the causal nature of gaze is still underexplored in the field. Our
work aims to understand whether the causal structure of attention alloca-
tion allows to differentiate subjects with autism disorders from typically

developing controls, enabling a more interpretable approach.

* Collecting new eye-tracking data in ecologically valid scenarios.
This work introduces the first multimodal eye-tracking dataset collected in
the distinctive context of religious environments, capturing gaze behavior
as individuals freely explore different sanctuaries. This resource reflects at-
tention allocation in a culturally, architecturally, and semantically rich set-
ting, where visual exploration is driven by symbolic meaning, prior beliefs,
and personal engagement. The analysis of the collected dataset reveals sys-
tematic differences in the objects and regions that attract the attention of
religious and non-religious participants, highlighting the role of individual

background and belief systems in guiding visual exploration.

A graphical overview of the thesis is reported in Fig. 1.1. It maps the main research
areas, models, datasets, and how each chapter or publication connects to these

COIIlpOI’lCIltS.
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Figure 1.1: Overview of the PhD Thesis. This thesis advances the state-of-the-art in gaze modeling and demonstrates the power of gaze information in
addressing challenges across several domains, including technology, health, and society.



1.2. THESIS ORGANIZATION

1.2 THESsIS ORGANIZATION

The remainder of the thesis is organized as follows:

* Chapter 2 discusses theoretical and methodological foundations of hu-
man visual attention from both cognitive and computational perspectives.
It reviews classical saliency models and scanpath prediction approaches,
tracing their evolution from handcrafted formulations to modern deep
learning—based methods. This chapter also summarizes the principal

benchmarks and evaluation metrics commonly adopted in the field.

* Chapter 3 identifies the key limitations of current scanpath prediction
models and motivates the need for more principled frameworks capable of
explicitly modeling the temporal dynamics and stochastic nature of gaze
behavior. The TPP-Gaze and ScanD1 ff models are presented, along with

detailed analyses and experimental validation.

* Chapter 4 broadens the perspective by reviewing how human attention
mechanisms can be integrated into Al systems across diverse domains, in-
cluding image and video processing, vision-and-language, language mod-

eling, robotics, autonomous driving, and medical applications.

* Chapter 5 presents the application-oriented contributions of this thesis,
focusing on gaze-assisted deepfake detection and behavioral analysis in
neurodevelopmental contexts. Italso introduces Sanctuaria-Gaze, a multi-
modal egocentric dataset designed to investigate attention in religious and

culturally significant environments.

* Chapter 6 concludes the thesis by summarizing the main findings and

outlining open challenges and future research directions.
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Human Visual Attention Modeling:

Foundation and Advances

ISUAL attention is a fundamental cognitive process that enables humans
to efficiently process complex visual scenes by selectively prioritizing
relevant information while filtering out irrelevant stimuli [192]. The

Feature Integration Theory, proposed by Treisman and Gelade [346], provides a
framework for understanding this selective mechanism, describing visual percep-
tion as a two-stage process. In the first stage, named preattentive stage, the brain
processes low-level features (e.g. color, shape, size, and movement), automatically
and in parallel, without conscious awareness. The second stage, the focused at-
tention stage, involves the integration of these features, enabling the perception
of coherent and unified objects. Attentional allocation is guided by two com-
plementary mechanisms. Boztom-up attention is driven by the inherent salience
of visual stimuli. In contrast, zop-down attention reflects higher-level cognitive

factors, including task demands, prior knowledge, expectations, and semantic

This Chapter discusses topics from the following paper: “G. Cartella et 4/., Trends, Applica-
tions, and Challenges in Human Attention Modelling, [JCAI 2024” [60].
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context. These mechanisms operate across both preattentive and focused stages,
shaping how humans prioritize information in complex scenes.

The study of visual attention in Computer Vision has seen significant progress
since the seminal works in [8, 25, 26, 177]. Empirical studies of visual attention
typically rely on eye-tracking experiments, which record sequences of fixations
and saccades, referred to as scanpaths, providing a proxy for overt attention. De-
pending on the experimental setup, eye movements can be collected under free-
viewing conditions, where observers explore images without an explicit task, or
under goal-directed settings, where attention is guided by specific objectives such
as visual search, questions, or referring expressions. While free-viewing behav-
ior is dominated by bottom-up factors, goal-directed viewing exhibits a stronger
influence of top-down control, leading to different gaze patterns.

Computational modeling of visual attention has given rise to two closely re-
lated, yet conceptually distinct, prediction tasks. The first is saliency prediction,
which aims to estimate a spatial map indicating how likely each image location
is to attract human gaze. Such saliency maps summarize fixation behavior across
observers and time. The second task is scanpath prediction, which seeks to model
the sequential nature of visual exploration by predicting ordered sequences of fix-
ations. In contrast to saliency maps, scanpaths preserve temporal dynamics and
capture not only where people look, but also i which order they attend to difter-
ent regions of a scene. In the following, we review prior work in both directions,

covering both classical and deep learning-based approaches.

2.1 SALIENCY MODELS

Visual saliency prediction aims to estimate the spatial distribution of human vi-
sual attention in an image or scene. It is commonly represented as a saliency
map, where each location indicates the likelihood of being fixated by an ob-
server. Saliency prediction has proven valuable across a wide range of applica-
tions, including graphic design [222], visual recognition [282], image enhance-
ment [252], and image quality assessment [414]. The objective of saliency predic-

tion models is to approximate this distribution by computing or learning which
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regions are visually or semantically prominent, based on low-level cues (¢.¢. color,
contrast, orientation, size, motion) and high-level factors such as objects, faces,
text, and scene context. Saliency prediction abstracts away the temporal order of
fixations and focuses on estimating the spatial importance of image regions under
a given viewing condition.

Early models are largely inspired by findings from cognitive neuroscience and
focused on bottom-up, stimulus-driven mechanisms. They exploit image pro-
cessing techniques based on the identification of hand-crafted features correlated
with human attention. Inspired by the work of Koch and Ullman [204], a sem-
inal implementation of a saliency prediction model was provided by Itti et al.
[177]. Attention is described as a combination of bottom-up processes, based
on conspicuity maps associated with basic features of the visual stimuli such as
colour, intensity, and edges. These maps are then combined into a single saliency
map. Following this direction, other methods explored the idea of combining
low-level features [54, 130, 154], also including center-surround cues [257, 398].
However, the research by Einhiuser et al. [123] challenged the assumption that
early visual features directly drive attention. Instead, they showed that observers
attend to salient objects, with low-level saliency having only an ndirect influence
on gaze allocation.

In a similar vein, Judd et al. [194] demonstrated that reliance on purely
bottom-up computation fails to accurately reflect human viewing behavior. By
training an SVM classifier that incorporates higher-level semantic features, their
method achieved a substantial performance improvement, highlighting the im-
portance of top-down cues. Together, these studies marked a shift from purely
handcrafted, bottom-up pipelines toward more data-driven approaches that inte-
grate low-level information with higher-level, semantically meaningful concepts.
As a result, Goferman et al. [144] defined a context-aware saliency model that
combines both local and global visual cues. Zhao and Koch [411] further in-
vestigated learning-based fusion strategies to adaptively weigh multiple saliency
maps, improving robustness across diverse scenes. Borji [44] employed boosting
techniques to combine a large set of heterogeneous features, demonstrating the

benefits of ensemble learning for saliency prediction. Despite leveraging more ad-
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vanced machine learning techniques, these approaches still rely on handcrafted
features and manually designed representations. A major shift occurred with the
advent of deep learning, which enabled saliency models to learn hierarchical fea-
ture representations directly from data and significantly surpass the performance
of handcrafted methods. Vig et al. [351] followed an entirely automatic data-
driven approach and proposed an Ensemble of Deep Networks. Unfortunately,
the first deep-learning-based solutions were still limited due to the lack of large-

scale datasets suitable for training.

To overcome this limitation, Kimmerer ez /. applied transfer learning
and developed DeepGaze I [215] and DeepGaze II [216] models, built upon
AlexNet [208] and VGG-19 [317], respectively. Collecting large-scale datasets
of human fixations through eye-tracking devices is known to be very challeng-
ing and time-consuming. At the same time, the performance of deep-learning
models is highly dependent on the availability of sufficiently large datasets. For
this reason, Jiang et al. [187] presented SALICON, a dataset collected by us-
ing mouse clicks as a proxy for human visual attention, and that still represents
one of the biggest data sources to train saliency models. The introduction of
SALICON has represented a significant development in data-driven approaches,
leading to the emergence of more modern deep learning-based architectures for
the task of saliency prediction, especially based on convolutional neural net-
works [89, 210, 269, 270, 338].

Among them, Cornia et al. [91] proposed a convolutional long short-term
memory that focuses on the most salient regions of the input image to itera-
tively refine the predicted saliency map. To improve saliency prediction perfor-
mance, other works integrated additional sources of information such as exter-
nal knowledge [407], scene context [209], and object dissimilarity [18]. Lou
etal. [242] advanced the field by exploring, for the first time, the integration of
Transformer-based models within a saliency prediction framework. In particular,
a Transformer encoder is built on top of the features extracted by a convolutional
network to capture long-range contextual information. Aydemir etal. [19] devel-
oped a data augmentation strategy based on latent diftusion to face the limited

diversity and quantity of annotated data. Human visual attention is not static;
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rather, it evolves over time. Therefore, from a different perspective, based on the
temporally evolving patterns characterizing human attention, Fosco et al. [134]
and Aydemir et al. [20] defined novel saliency models capable of performing time-
specific saliency prediction. Beyond temporal evolution, visual attention exhibits
high inter-subject variability, and region prioritization also depends on the ob-
server’s preferences. A related trend [72, 375, 376] has tackled this challenge,
laying the foundations for the design of custom applications based on users’ in-
terests. Saliency prediction has also expanded to cover diverse types of data be-
yond natural scenes, including commercial advertisements [133, 184, 230] and
user interfaces [190, 316]. Research on computational visual attention has made
significant progress to integrate image and video saliency within a single unified
framework [118]. On a similar line, some works developed unified image-based
saliency models that can work across difterent types of visual stimuli (¢.¢. natural

scenes, web pages, e-commercial images) and tasks [162, 223].

2.2 ScANPATH MODELS

Saliency prediction estimates a spatial distribution representing the prominence
of information at each location in the visual field. However, by collapsing atten-
tion to a saliency map, the temporal component of the attentional deployment
is lost. Human eye movements unfold as sequences of fixations and saccades (i.e.
shifts from one fixation to another), commonly referred to as scanpaths. Two
scanpaths that visit analogous locations in an image but in completely different
orders generate identical saliency maps. Yet, the exploration order of a visual stim-
ulus is of particular importance since it better reflects the conspicuity of the image
elements with respect to the observer, as well as their internal strategy. Scanpath
prediction offers a more comprehensive and natural representation of attention,
providing deeper insights into the mechanisms of visual exploration. The litera-
ture on scanpath prediction exhibits a trend similar to saliency prediction, shift-
ing from model-based to deep-learning approaches. Classical models for simu-
lating gaze behavior emphasize the central importance of the saliency map. In-

spired by the work of Itti et al. [177], scanpaths are typically simulated using the
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Winner-Take-All (WTA) algorithm[52, 174, 175, 353]. In this framework, the
initial fixation is selected as the location with the highest saliency. Subsequent
fixations are generated by iteratively inhibiting the previously attended location
and then shifting attention to the next highest saliency location. However, this
greedy procedure yields deterministic and often unrealistic scanpaths and suffers
from several limitations: 7) accuracy of the generation is dependent on the quality
of the saliency map, 77) next fixation prediction is not conditioned on the visual
information and the history of previous fixations, 7z7) assumption that gaze shifts
are equally likely in all directions contradicts empirical observations of human eye

movement behavior.

Therefore, many studies have been dedicated to modeling scanpaths, in a
more sophisticated manner than the previously described winner-take-all algo-
rithm [163, 234, 332, 339, 361]. Boccignone and Ferraro [40] introduced the
constrained Levy algorithm and modeled gaze shifts as a stochastic process to ac-
count for the variability of human gaze. Le Meur and Liu [221] showed that com-
bining eye-movement generation with oculomotor biases, such as saccade ampli-
tudes and orientations, improves the quality of the generated scanpath. Wang
et al. [361] used the principle of information maximization to generate a scan-
path, consisting of three key components: Visual Working Memory (VWM), ref-
erence sensory responses, and foveated imaging. Jiang et al. [186] adopted the
least-squares policy iteration (LSPI), based on reinforcement learning, to mimic
human behavior.

Difterently, Zanca et al. [394] conceived a visual attention scanpath as the mo-
tion of a unitary mass within gravitational fields generated by salient visual fea-
tures. Recent approaches exploited the semantics of features learned by deep
neural networks to improve modeling. A considerable amount of research has
been dedicated to predicting scanpaths under free-viewing conditions, where the
observer has no predefined task [15, 80, 214, 260, 283, 331]. PathGAN [15]
adopts adversarial training and is composed of a generator and a discriminator
trained on image features and gaze sequences. Ngo and Manjunath [260] pro-
posed a model that extracts visual features from a CNN and are given as input
to a Long-Short Term Memory (LSTM) model, which acts as a form of VWM
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integrating scene information over time. The work by Chen and Sun [80], fur-
ther extended in [331], explicitly incorporates the Inhibition-of-Return (IOR)
mechanism. The model, based on an LSTM network, operates over regions of
interest (ROIs), instead of predicting fixations at the pixel level. DeepGaze 111
represents another influential model designed by Kiimmerer et al. [214]. This
model entangles a spatial priority network that outputs a priority map, with a
scanpath network conditioned on the history of previous fixations.

While most of the research has concentrated on developing models in free-
viewing conditions, recent research has shifted focus toward goal-driven atten-
tion modeling, where observers actively engage in a specific task. A prominent
example is visual search [122, 160, 369, 396], in which an observer is required
to locate a specific target within a scene. Early visual search models typically
assumed simple targets known to the observer [368] or relied on explicit im-
ages of the target as input [122, 396]. Subsequent works incorporated richer
sources of information, such as spatial relationships between objects [17] and
global scene context [344]. More recently, deep learning—based approaches have
emerged [4, 402], enabling flexible modeling of goal-directed gaze behavior.

In this context, the introduction of the COCO-Search18 dataset [78] marked
a significant milestone, providing a large-scale benchmark for studying human
gaze behavior in visual search scenarios [256, 386, 388, 389, 395]. Yang et al.
[386] defined a visual search framework based on inverse reinforcement learn-
ing, treating each fixation as a possible source of reward. Mondal et al. [256]
introduced GazeFormer, a transformer-based model that encodes the search tar-
get using a language model and jointly processes visual and semantic information
through an encoder—decoder architecture. The authors proposed the ZeroGaze
task, which evaluates the ability to predict gaze behavior for unseen target cate-
gories. Another related line of research investigates how humans behave when
searching for objects that are absent from the scene, further highlighting the role
of high-level goals and expectations in guiding visual attention [389].

Beyond visual search, other works studied human visual attention in the con-
text of Visual Question Answering (VQA), a task where the model is asked to

answer a question about an image by jointly reasoning over visual and linguis-
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tic information [10, 147]. The study of human attention for the VQA task was
pioneered by Dasetal. [107]. They compared human attention with machine at-
tention, showing that artificial models do not look at the same regions as humans.
Another related work [71] introduced a novel dataset and a computational model
that unfolds attention in several steps, emulating the visual reasoning process of
humans. Chen et al. [74] proposed an approach based on deep reinforcement

learning to generate scanpaths conditioned on the visual question answering task.

In contrast to these works that only analyze attention on the visual modal-
ity, Sood et al. [326] took a different direction and collected VQA-MHUG, a
multimodal dataset containing attention data both on the images and questions.
Another important study in the field of cognitive science is the capacity of hu-
mans to use referring expressions to drive attention. While hearing a referring ex-
pression, humans incrementally integrate visual information with word-by-word
linguistic guidance [195, 334]. Motivated by this evidence, recent works have
investigated predicting attention dynamically as observers process visual scenes
while hearing an audio trace. In particular, Mondal et al. [255] introduced the
task of incremental object referral, aiming to predict gaze fixations grounded with
each word of the sentence referring to a specific target in the scene. Instead, Liu
etal. [237] studied scanpath prediction driven by more general auditory cues de-
scribing the overall scene, rather than a specific target.

The growing interest in studying diverse attention tasks has driven the devel-
opment of unified architectures designed to adapt seamlessly across a variety of
scenarios [76, 388]. For instance, Chen etal. [76] leveraged vision-and-language
models to jointly predict scanpaths and generate language-based explanations.
The majority of the models discussed so far treat attention in a uniform manner,
training on aggregated data from multiple observers learning an “average” gaze
behavior. However, human attention is inherently variable [297, 379]. Each in-
dividual exhibits unique exploration strategies, preferences, and intents. Accu-
rately modeling the uniqueness of each individual is crucial for the development
of adaptive attention models in applications like personalized human-computer
interaction or assistive technologies, to improve usability. In this context, recent

methods tackled this challenge and predicted gaze sequences conditioned on a
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specific user embedding [75,189]. Xue et al. [378] further advanced the field by
addressing the problem in a few-shot setting.

Another line of research has focused on scanpath generation targeting 360°
images [16, 248, 284, 330]. Assens Reina et al. [16] introduced saliency volumes
to capture the temporal evolution of scanpaths. Martin et al. [248] proposed the
use of a GAN to generate scanpaths, while Sui et al. [330] modeled the mech-
anism of VWM by updating the visual state through a Markov chain. Similar
works [191, 363] explored the use of diffusion models for scanpath generation,
demonstrating promising results, even if limited to 360° images. To the best
of our knowledge, this thesis is the first to investigate the potential of diffusion-
based architectures for free-viewing and visual search tasks in natural scenes. A
detailed description of the proposed method is introduced in Section 3.2. Follow-
ing our research work, a related approach was introduced in [196], further high-
lighting the growing interest in diffusion-based models for gaze behavior model-

ing on natural scenes.

2.3 BENCHMARKS & EvALuATION METRICS FOR HU-

MAN ATTENTION MODELS

Standardized benchmarks and evaluation metrics have been established to assess
progress in computational models of human visual attention. However, evalu-
ating attention models is inherently challenging due to the stochastic and task-
dependent nature of human gaze behavior. This section reviews the most widely

adopted benchmarks and metrics for saliency and scanpath prediction.

2.3.1 BENCHMARKS FOR SALIENCY AND SCANPATH PREDICTION

Datasets for studying visual attention typically consist of eye-tracking recordings,
where raw gaze data from multiple observers is captured while viewing a stimulus
(e.g. an image or video). Processed fixations can be used to derive spatial distri-
butions, such as fixation density maps, or to analyze sequential patterns of gaze.

As a result, the same dataset can support both saliency and scanpath prediction.
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Aggregation into spatial maps is commonly performed by convolving each fixa-
tion with a Gaussian kernel, yielding a smooth representation that captures the
variability and uncertainty of human visual attention. To support fair and re-
producible comparison, a number of datasets have been introduced. However,
these benchmarks differ substantially in terms of data collection protocol, type
of stimuli, viewing conditions, and task constraints. Below, we summarize the
most widely adopted resources in the field:

FixatioN IN Faces (FiFa) [69]. The FiFa database was designed to study hu-
man attention on faces and social stimuli in natural settings. It contains 200 im-
ages displayed for 2 seconds during the experiment. Data analysis clearly reveals
that faces are strong attractors of attention.

MIT1003 [194]. Itis one of the first datasets thatlaid the foundation for saliency
evaluation. It contains 1, 003 natural images from Flickr Creative Commons and
LabelMe and provides fixation data collected from 15 subjects observing stimuli
for 3 seconds, under free-viewing conditions.

NUS Eve Fixarion (NUSEF) [289]. The NUSEF dataset features a diverse
collection of images, representing a range of semantic concepts such as faces,
nudes, and actions, including objects of varying scale, illumination, and orien-
tation. The collection includes images extracted from Flickr, Photo.net, Google
Images, and emotion-evoking IAPS [219]. Each free-viewing experiment lasted
5 seconds, and 75 subjects were involved.

MIT300 [193]. A benchmark for model evaluation rather than training. It con-
tains 300 natural indoor and outdoor images collected from Flickr Creative Com-
mons and personal image collections. Gaze data was recorded from 39 users dur-
ing free viewing using a table-mounted, video-based eye-tracker. Each image was
displayed for 3 seconds. This dataset was introduced as a held-out test set with
an online evaluation server. Ground-truth fixations and saliency maps are held
out, and models are submitted to the MIT Saliency Benchmark [S5], ensuring
reproducibility and unbiased comparison across methods.

OSIE [374]. The OSIE dataset comprises 700 images with eye-tracking data of
15 viewers. It was explicitly devised to incorporate high-level semantic attributes.

Annotations include segmentation masks and semantic attribute labels for all ob-
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jects in the images.

CAT2000 [45]. A large-scale free-viewing dataset that was proposed to explic-
itly analyze model sensitivity to specific visual factors and solve some dataset-
specific biases of previous benchmarks, such as center bias. It features 4,000
images (2,000 for training and 2,000 for testing) evenly distributed across
20 distinct categories, including indoor/outdoor environments, sketches, low-
resolution images, and cartoon-style images. The data collection process involved
120 viewers (24 users per image) and each image was shown for 5 seconds.
SALICON [187]. Collecting large-scale eye-tracking data presents several prac-
tical challenges. Accurate eye-tracking requires expensive and specialized hard-
ware, while general-purpose webcams are still limited in precision and reliabil-
ity. Furthermore, recruiting a sufficient number of participants and designing
a rigorous experimental setup is both time-consuming and labor-intensive. All
these factors naturally limit the size and diversity of available datasets. In parallel,
modern deep learning models require thousands, or even tens of thousands, of
annotated images to achieve generalization and robust performance. To address
these limitations, Jiang et al. [187] proposed using mouse movements as a scal-
able proxy for human visual attention, enabling the collection of larger datasets.
They designed an interface where subjects can move the mouse to direct the high-
resolution fovea to regions of interest in the image. By aggregating mouse trajec-
tories across multiple subjects, SALICON approximates human fixations and
produces continuous saliency maps. The introduction of SALICON has repre-
sented a significant development in data-driven approaches, leading to the emer-
gence of several deep learning-based architectures.

COCO-FReeVIEW [79]. It shares the same natural images as COCO-
Search18 [386], but gaze data was recorded under the free-viewing setting. Each
image was viewed for 5 seconds by 10 users.

VQA-HAT [107]. It is a task-driven dataset designed for Visual Question An-
swering (VQA). Its data collection protocol is inspired by SALICON and relies
on an interactive, mouse-based annotation procedure. Specifically, participants
are presented with a blurred image and are instructed to progressively sharpen

regions via mouse clicks that they consider important for answering a given ques-
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tion. This process results in spatial attention maps that highlight image regions
relevant to the VQA task. VQA-HAT is among the first datasets to enable analysis
of whether humans and machine attention mechanisms focus on similar regions
when answering visual questions.

COCO-SearcHI18 [386]. COCO-Searchl8 is the largest dataset for visual
search. It comprises 6, 202 images, selected from the COCO trainval set [232],
and more than 300, 000 fixations. Each image is paired with a target object cate-
gory that participants are instructed to search for within the scene. The dataset
includes two visual search scenarios: target-present (TP), in which the target
object appears in the scene, and target-absent (TA), where the target object
is not present. The images are evenly divided between these two settings, with
3,101 images for each condition. In TP images, only a single instance of the tar-
get object appears. In TA images, at least two instances of the target’s semantic
siblings (as defined by the COCO taxonomy) are included to act as distractors,
thereby increasing task difficulty. COCO-Searchl8 covers 18 object categories
(e.g., keyboard, cup, bowl, ...). Each image is viewed by 10 participants. Partici-
pants are instructed to search for the specified target and to terminate the trial as
soon as they decide whether the target is present or absent.

A1R-D [74]. Gaze data was recorded from users answering a specific question
about the image with an eye-tracking device. Such a protocol enables the study
of human attention allocation during visual reasoning tasks as well as the compar-
ison with the attention of artificial models. Overall, AiR-D includes 987 images
collected from the GQA dataset [170]. Each visual stimulus is presented for 3
seconds to the user after carefully reading the question.

VQA-MHUG [326]. VQA-MHUG is another dataset designed for VQA. Un-
like AiR-D, which records gaze exclusively on images, VQA-MHUG provides
synchronized eye-tracking data over both the visual and textual modality. The
eye-tracking study resulted in 3, 990 question-image pairs and involved 49 par-
ticipants.

RErCOCO-GAzE [255]. This dataset was designed to study the novel task of
incremental object referral, which links visual attention dynamics with linguis-

tic input. The goal is to predict a scanpath in which each fixation is temporally
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grounded to a specific word or phrase in a referring expression. In particular, par-
ticipants are instructed to search for a target in the image while simultaneously lis-
tening to a spoken referring expression describing that object. As the expression
unfolds over time, observers incrementally integrate linguistic and visual informa-
tion, producing scanpaths that reflect the progressive grounding of language in
the visual scene. RefCOCO-Gaze consists of 2, 094 image-expression pairs from
the RefCOCO dataset [392], and eye-tracking data was collected from 220 par-
ticipants. The dataset enables the study of how humans incrementally aggregate
visual evidence in response to language, and supports the development and eval-
uation of multimodal scanpath prediction models.

EYEAR-20K [237]. Itisan eye-tracking dataset containing 20k gaze points from
8 subjects while simultaneously looking at an image and hearing an audio clip

describing the overall scene instead of a specific target.

2.3.2 EVALUATION OF SALIENCY PREDICTION MODELS

Metrics for saliency prediction can be roughly divided into two main categories:
localization-based and distribution-based metrics. The first category evaluates
saliency predictions at discrete fixation locations, assessing whether fixated points
receive higher saliency values than non-fixated ones. In contrast, distribution-
based metrics treat saliency maps as continuous spatial probability distributions
and measure how closely the predicted distribution matches the ground-truth

fixation density over the entire image.

LOCALIZATION-BASED METRICS

AreA UNDER ROC Curve (AUC). It measures how well a predicted saliency
map assigns higher values to human fixation locations compared to non-fixated
locations. AUC treats the saliency map as a binary classifier distinguishing fixated
from non-fixated pixels. By varying a threshold over saliency values,a ROC curve
is obtained by plotting the true positive rate (TPR) against the false positive rate
(FPR). The resulting AUC score corresponds to the probability that a randomly

selected fixated pixel is assigned a higher saliency value than a randomly selected
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non-fixated pixel. Several variants of AUC have been proposed, differing in how
the true and false positives are computed.

AUC-Jupp. For a given threshold, the true positive (TP) rate is the fraction of
fixated pixels whose saliency values exceed the threshold, while the false positive
(FP) rate is the fraction of non-fixated pixels exceeding the same threshold.
AUC-BoRJ1 [46]. This metric is a variant of AUC-Judd that reduces bias from
the large number of non-fixated pixels. Instead of using all non-fixated pixels,
AUC-Borji randomly samples an equal number of non-fixated locations as nega-
tives and computes the ROC curve by comparing saliency values at fixated versus
sampled non-fixated pixels.

SHUFFLED AUC (sAUCQ). It is designed to account for center bias in human
fixations, which can artificially inflate standard AUC scores. Instead of compar-
ing fixated locations to randomly sampled non-fixated pixels from the same im-
age, SAUC samples negative pixels from fixation locations of other images in the
dataset. This effectively removes the influence of common biases, such as the ten-
dency to fixate near the center, and measures how well the saliency map predicts
fixations beyond these general tendencies.

NoRMALIZED SCANPATH SALIENCY (NSS). NSS evaluates how well a saliency
map predicts human fixations by directly comparing saliency values at fixation
locations. The predicted saliency map is first normalized to zero mean and unit
standard deviation, and the saliency values at the human fixation points are sam-
pled. NSS is computed as the average of these normalized saliency values at fixa-
tion locations, with higher scores indicating better alignment between predicted

saliency and human fixations.

DISTRIBUTION-BASED METRICS

SIMILARITY (SIM). It measures how closely the predicted saliency map matches
the ground-truth fixation density map as a probability distribution. Both maps
are normalized to sum to 1, and SIM is computed as the sum of the minimum val-
ues at each pixellocation. The resulting score ranges from 0 to 1, where 1 indicates

perfect overlap between predicted and ground-truth distributions, 0 otherwise.
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A limitation of this metric is that it is sensitive to the choice of the Gaussian sigma

used to construct the ground-truth and saliency maps.

PEARSON’s CORRELATION COEFFICIENT (CC). CC interprets saliency and
fixation maps as random variables and measures the linear correlation between
them. Value range from 1 (perfect negative correlation) to 1 (perfect positive cor-
relation), with 0 indicating no linear relationship. CC captures linear relation-
ships rather than absolute overlap, making it sensitive to how well the predicted

map reflects variations in human fixation densities.

KuLLBACK-LEIBLER DIVERGENCE (KL). In general terms, KL quantifies the
difference between two probability distributions. In the context of saliency evalu-
ation, it measures the information lost when the predicted saliency map approx-
imates the ground-truth distribution. A lower KL score indicates that the pre-
dicted saliency closely matches human fixation patterns, whereas a higher score

indicates greater discrepancy.

EArRTH MOVER’Ss D1sTANCE (EMD). EMD measures the dissimilarity and the
spatial misalignment between the predicted saliency map and the ground-truth
fixation density map by computing the minimum cost required to transform one
distribution into the other. The saliency value of each pixel is treated as a “mass,”
and EMD accounts for both the amount of mass to move and the distance it must
be moved. Alower EMD indicates that the predicted saliency closely matches the

spatial distribution of human fixations.

INFORMATION GAIN (IG) [216]. IG evaluates how much a predicted saliency
map improves over a baseline model (e.g. center prior) in explaining human fixa-
tions. Both the predicted map and the baseline (commonly the center bias) are
treated as probability distributions. IG is computed as the average log-likelihood
difference between the predicted saliency map and the baseline at human fixation
locations. A higher IG indicates that the model captures fixation patterns beyond
what is explained by generic biases, such as the tendency to look near the image

center.
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2.3.3 EVALUATION OF SCANPATH PREDICTION MODELS

Different from the case of saliency prediction, when assessing the similarity be-
tween visual attention scanpaths, accounting for the sequential nature of fixa-
tions is crucial. Various metrics have been proposed to compare two scanpaths.
Some of them behave like a similarity measure, and some like a dissimilarity mea-
sure. We divide scanpath prediction metrics into four main categories: string-
based, vector-based, curve similarity, and time-series metrics. String-based mea-
sures work by quantizing the spatial landscape into different bins and using string
alignment metrics. Vector-based methods try to geometrically align scanpaths.
Curve similarity and time-series metrics may be more discriminative in revealing

differences between viewing patterns or computational models.

STRING-BASED METRICS

LEVENSHTEIN DiSTANCE (OR STRING-EDIT DIisTANCE) [50, 279]. This
metric measures the distance between two variable-length sequences by comput-
ing the minimum number of operations required to transform one sequence into
the other. The allowed operations are: insertion, deletion, and substitution. In
the context of scanpath evaluation, the image is first discretized into a grid, and
each cell is assigned a unique symbol. Fixations are then mapped to their cor-
responding cells, producing symbolic sequences for the ground-truth and pre-
dicted scanpaths. The Levenshtein distance quantifies the dissimilarity of the
sequences in terms of both the order of fixations and sequence length, penalizing
missing, extra, or mismatched fixations. However, the Levenshtein distance has
several limitations. Fixations that are spatially close may fall into different bins,
while multiple fixations within the same bin are represented with the same sym-
bol, thereby ignoring local differences. Moreover, the metric does not account
for fixation duration.

ScaNMarcH (SM) [97]. ScanMatch is an enhanced version of the Levenshtein
distance that incorporates spatial and temporal information as well as semantic
context. It is based on the Needleman—Wunsch algorithm [258] and integrates

temporal encoding by repeating symbols according to the duration of each fix-
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ation. The similarity between two scanpaths is computed using a substitution
matrix that assigns smaller penalties to substitutions between close regions and
larger penalties for substitutions between distant regions. This allows ScanMatch
to better capture local spatial deviations compared to the standard Levenshtein
distance. ScanMatch is still sensitive to the discretization of the Areas of Interest
(AOIs).

SEQUENCE SCORE (8S) [47]. SS adopts a clustering-based approach to con-
vert fixations into symbolic sequences. A clustering algorithm (e.g., Mean-Shift)
groups together the ground-truth fixations for each visual stimulus, and each
cluster is assigned a unique symbol. Each ground-truth scanpath is then trans-
formed into a string by mapping each fixation to its nearest cluster. The same
mapping is applied to the predicted scanpath. The similarity between the two re-
sulting sequences is computed using the Needleman—Wunsch algorithm, which
aligns the sequences and accounts for insertions, deletions, and substitutions,
producing a similarity score that reflects both the spatial correspondence and tem-
poral order of fixations.

SEMANTIC SEQUENCE SCORE (SEMSS) [389]. SemSS was introduced by Yang
et al. [389] to evaluate goal-directed attention prediction in a more semantically
meaningful way. Unlike the standard Sequence Score (SS), which captures only
where a person looks, SemSS aims to capture what a person is looking at. Instead
of mapping fixations to cluster IDs, SemSS converts a scanpath into a sequence of
object categories, leveraging the segmentation annotations provided by COCO
[232]. This metric assesses whether predicted scanpaths attend to the same se-
mantic objects as human observers, providing a more task-relevant evaluation of

goal-directed attention models.

VECTOR-BASED METRICS

MurtTiMAaTrcH (MM) [114, 180]. is a multi-dimensional similarity metric for
comparing scanpaths, designed to capture not only spatial alignment but also
temporal, directional, and amplitude-related properties. Unlike string-based
metrics, MultiMatch represents scanpaths as sequences of geometric vectors con-

necting successive fixations. To reduce complexity, scanpaths are first simplified
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by merging small saccades based on their amplitude and angle. The two simpli-
fied scanpaths are then temporally aligned. The similarity between the aligned se-
quences is computed along five complementary dimensions using simple vector-

based comparisons:

* Shape: The vector difference between consecutive saccade pairs.

* Length: The difference in amplitude (length) between the endpoints of
saccade vectors.

* Direction: The difference in angle between saccade vectors.

* Position: The distance between two fixations. Note that a saccade vector
connects two fixations.

* Duration: The difference of fixation durations between aligned fixations.

Each of these metrics ranges from 0 (no similarity) to 1 (perfect match).

CURVE SIMILARITY METRICS

DiscrReETE FRECHET DI1STANCE [11, 124]. This metric measures the similar-
ity among curves, taking into account the position and ordering of the fixations.
G=(g1,22,--,gm)and P = (p1,p2, . .., pn) denote the ground-truth and pre-
dicted scanpaths, where each element corresponds to a 2D fixation coordinate.
The Discrete Fréchet Distance (DFD) computes an optimal alignment between
these two sequences under the constraint that the order of fixations is preserved
in both scanpaths (7.e. alignments are monotonic and do not allow reordering).
For any such alignment, the distance between the two scanpaths is defined as the
maximum Euclidean distance between all paired fixation points along the align-
ment. The Discrete Fréchet Distance is then the minimum of this maximum

distance over all valid monotonic alignments.

TIME-SERIES ANALYSIS

Dynamic Time WarpiNG (DTW) [31]. Given two temporal sequences of
lengths NV and A, the DTW formulation constructs an /N X M cost matrix D,
where each entry D(7, /) represents the Euclidean distance between the 7-th ele-

ment of the first sequence and the j-th element of the second. The algorithm

28



2.3. BENCHMARKS € EVALUATION METRICS FOR HUMAN ATTENTION
MODELS

then searches for an optimal warping path from (1, 1) to (XN, M) that aligns the
two sequences while minimizing the cumulative alignment cost.

Time DeLay EMBEDDING (TDE) [308]. TDE emphasizes temporal dynamics
rather than just the spatial proximity of fixations. It represents each fixation not
only by its spatial coordinates but also by a window of preceding fixations, effec-
tively embedding temporal context into each point. Formally, given a scanpath
S = (51,52, . ..,sn) of N fixations, a time-delay embedding with embedding di-

mension 4 constructs vectors of the form:
v, = (51-,11-_1, e 751'—d+1)7 i=d,...,N.

Each vector v, represents the current fixation together with the previous d —1 fix-
ations, capturing the local temporal trajectory of the scanpath. The embedded se-
quences can then be compared using standard distance measures (¢.¢., Euclidean
distance) or sequence alignment techniques to evaluate how similar the temporal

patterns of two scanpaths are, rather than just the absolute fixation positions.
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Predicting Human Gaze Behavior:
From Temporal Dynamics to

Generation Diversity

NDERSTANDING and predicting human visual attention remains a cen-

tral problem in Computer Vision [60, 76, 189, 214, 256], with im-

plications for human-computer interaction [190], autonomous driv-

ing [267], and cognitive robotics [280]. While recent deep learning approaches
have substantially improved the performance of scanpath prediction in several
tasks ranging from free-viewing and visual search to visual question answering,
two fundamental challenges remain. First, human gaze behavior is naturally a
temporal process, and the decision of where to look next strongly depends on
the history of previous fixations. Although state-of-the-art methods accurately

predict the spatial location of fixations (z.e. where to look), they typically over-

This Chapter discusses topics from the following papers: “A. D’Amelio et al., TPP-Gaze:
Modelling Gaze Dynamics in Space and Time with Neural Temporal Point Processes, WACV
2025” [102] and “G. Cartella et 4/., Modeling Human Gaze Behavior with Diffusion Models for
Unified Scanpath Prediction, ICCV 2025” [64].
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look the timing of gaze shifts. Existing attempts to model the temporal evolu-
tion of scanpaths rely on heavily engineered solutions or weak formulations that
do not explicitly model the dependency on previously attended locations. The
second challenge concerns the intrinsic variability of visual attention. Different
observers, or even the same observer across trials, may exhibit diverse yet equally
plausible exploration strategies for the same scene. Nevertheless, the majority of
existing scanpath models fail to capture such variability, collapsing to an “aver-
age” behavior. This flaw can be attributed to the training paradigm, which com-
monly relies on pointwise regression objectives that encourage mean predictions
at the expense of diversity. In light of these limitations, this chapter addresses
both challenges through two complementary contributions that progressively
move from structured temporal modeling to a stochastic generative modeling of

scanpaths.

The first part of the chapter presents TPP-Gaze, a scanpath prediction archi-
tecture grounded in the theory of neural temporal point processes. In this for-
mulation, scanpaths are interpreted as sequences of events governed by learned
temporal dynamics and contextual cues. This perspective enables a more mathe-
matically principled representation of fixation timing and ordering. The remain-
der of the chapter addresses the complementary challenge of variability in human
gaze behavior. Rather than producing “averaged” scanpaths, this thesis intro-
duces ScanD1 ff, a diffusion-based framework that treats scanpath prediction as
a stochastic generative process, capable of sampling semantically rich gaze trajec-
tories conditioned on a visual stimulus and task. By leveraging multimodal rep-
resentation learning, the proposed approach unifies free-viewing and task-driven
scanpath prediction within a single architecture, while explicitly modeling uncer-

tainty and inter-subject variability.

Together, TPP-Gaze and ScanD1 ff advance the field of computational atten-
tion modeling with the aim to push scanpath prediction beyond deterministic
and averaged solutions, toward models that more faithfully capture the tempo-

ral dynamics and diversity of human visual attention.
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3.1 MODELING GAZE DYNAMICS IN SPACE AND TIME

wITH NEURAL TEMPORAL POINT PROCESSES

Gaze is considered a good measure of overt attention and, more generally, a win-
dow to the observer’s thoughts, intentions, and emotions [50]. With roots in psy-
chology and neuroscience, computational models of attention [212] have gained
traction in the computer vision and pattern recognition fields since the semi-
nal Itti et al. [177] model. As a matter of fact, the vast majority of works in the
field have focused on the computational modeling of saliency maps.

Nevertheless, a growing number of models (z.¢., scanpath models) are address-
ing the prediction of a sequence of fixations. These models explicitly unfold the
dynamics of overt attention allocation over a stimulus [36, 213].

It is worth remarking, though, that barely predicting the spatial sequence of
fixations does not entail proper modeling of the temporal evolution of attention.
By and large, most scanpath models predict an ordered sequence of events while
neglecting their continuous timestamp information. Asaresult, these models are
able to tell where to look and in what order, but fail in answering when. In many
respects, this is not an innocent flaw. Human actions often rely on visual infor-
mation. Therefore, it is essential to direct attention to the right place at the right
time [337]. Modeling when to perform a saccade translates to devising scanpath
models able to predict the sequence of both fixation positions and correspond-
ing durations. Albeit recently few approaches have successfully dealt with such a
problem via fully engineered approaches [74, 75, 80, 256, 331], only a marginal
subset of them has tackled it in a mathematically principled way [39, 101, 337].
This has typically resulted in a weaker generality of the methods, which are tai-
lored to specific contexts or applications. Under such circumstances, one of the
goals of this thesis is to introduce a fresh, general, and simple view on the problem
of scanpath modeling.

With this aim, we present TPP-Gaze, a novel and principled approach to
model scanpath dynamics grounded on the theory of Neural Temporal Point Pro-
cesses (Neural TPPs), that jointly learns the temporal dynamics of fixation posi-

tion and duration, integrating deep learning methodologies with point process
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Figure 3.1: Scanpath dynamics as a marked TPP. Time is represented on the horizontal axis, and
different scanpath fixations occur at times #1, £, 3 and #4.

theory. Specifically, we consider a scanpath as the realization of a point process
in space and time. Remarkably, the modeling assumptions of Neural TPPs align
perfectly with the structure of scanpath data. A scanpath consists of a series of
events (saccades) occurring at irregular intervals (fixation durations), which is ex-
actly what Neural TPPs are designed to model. While the psychological and neu-
roscience literature has used traditional point processes for eye movement anal-
ysis [28, 126, 391], these tools are not well-suited for scanpath prediction due to
their inability to handle stimuli. In other words, traditional TPPs are effective
for studying the observer but fall short when addressing Computer Vision tasks
related to attention allocation prediction. In contrast, Neural TPP-based mod-
els offer the best of both worlds: they combine the robust theoretical framework
of TPPs with the flexibility and power of modern neural networks. Neverthe-
less, in this thesis, we present the first attempt to adopt them for the problem of
scanpath modeling.

Our key contributions can be summarized as follows: 1) We propose a novel
scanpath model able to jointly learn the temporal dynamics of both fixation po-
sition and duration. 2) We extend recent Neural TPP models to deal with vi-
sual data (7.¢., images) and connect scanpath modeling and prediction to point

process theory. To assess our proposal, which can be appreciated at a glance
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in Fig. 3.1, we conduct experiments on five publicly available datasets, showing
an overall superior performance of the proposed model when compared to state-

of-the-art approaches. Source code and trained models are publicly available”.

3.1.1 TeEMPORAL PoIiNT PROCESSs MODELS FOR HuMAN GazE Dy-
NAMICS

Real-world event streams, such as earthquake occurrences, trades in a financial
market, user engagements in recommendation systems, or web-based activity, are
rarely periodic. Instead, they emerge from complex continuous-time processes
that yield events at irregular intervals. Modeling these streams requires more
than simple time-series analysis based on regularly sampled observations. It de-
mands a framework capable of jointly capturing (i) the timing of the next arrival,
(ii) what kind of event it will be (its mark or type), and (iii) how the history of
past events influences the system’s future dynamics. Temporal Point Processes
(TPPs) provide a principled probabilistic framework in this direction. They de-
scribe the evolution of a system through a history-dependent intensity function
that represents the instantaneous rate of events over time. This perspective sup-
ports descriptive analysis (e.g., detecting inhibition or periodicity) and enables
predictive modeling (e.¢., forecasting future events and quantifying uncertainty).
As a result, TPPs have become a key tool for modeling asynchronous data across
the natural and social sciences, finance, and modern online platforms.
BAckGROUND ON TEMPORAL PoOINT PROCESSES. Temporal Point Pro-
cesses (TPPs) are probabilistic generative models designed for continuous-time
event sequences. TPPs natively model the timing at which events occur, making
them particularly suitable for irregular, asynchronous data such as user interac-
tions or system logs.

Formally, a Temporal Point Process is a random process whose realization
consists of a sequence of discrete events with strictly increasing arrival times
T = {t1,t2,...,tn}, wheret; € RY, 4 < t, < -+ < tyand N, the num-

ber of events, is itself a random variable. The history of all past events up to time

"https://github.com/phuselab/tppgaze
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tisdefined as H, = {t, € T : ¢, < t}. In more traditional approaches, the
dependency of the next arrival time # on the history H, is modeled through the
conditional intensity function A*(¢) = A(¢ | H,) whose functional form de-
termines the properties of the TPP. Instead of directly modeling the next arrival
time #;, common practice is to represent the TPP as a sequence of strictly positive
inter-event times 7; = #; — #;_; € R™. Note that the representations in terms of
t; and 7; are isomorphic. Knowing the conditional intensity function allows to

recover the conditional probability of the time 7; until the next event as:

P*(Ti) :P(Ti | Ht,-) = l*(tz'—l + T,') €xp <_/0 l. l*(tz'—l +5)d5> . (31)

For instance, under the assumptions of no dependence on the history and con-
stancy over time (z.e., 1" (¢) = k, with £ > 0), the homogeneous Poisson process
is recovered, with inter-event times distributed according to the exponential dis-
tribution. Choosing more complex functional forms for 1* () allows to recover
many well-known TPPs such as Hawkes or self-correcting processes [155, 173].
MARKED TPPs. The basic mathematical formalism of TPPs naturally handles
the dynamics of arrival times of events. However, the distribution of time until
the next event might depend on factors other than the history. Event data is often
accompanied by some kind of covariate indicating the nature of the specific event
being predicted. In the context of TPPs, such covariates are called marks. For-
mally, a marked TPP is a random process whose realization consists of a sequence
of discrete events localized in time S = {(#, m1), . . ., (tn, mn) } with the tim-
ingt; € R and the mark #; € M. The mark m;, is typically modeled as an inte-
ger representing the type of event, but other kinds of marks (e.g., M = R?) can
eventually be adopted. Foragiven S, the history of past events at time #is denoted
as H, = {(¢;, m;) : #; < t}. Specifying a marked-TPP involves the definition of
the joint conditional density function of the next event, with inter-event time 7;
and mark 7, given the history of past events: p*(z;, m;) = p(z;, m; | Hy,).
NeuRrAL TPPs. Designing TPPs typically involves trade-ofts along three dimen-
sions: flextbility (i.e., can the model approximate any distribution?), efficiency

(z.e., can the likelihood function be evaluated in closed form?), and ease of use
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(z.e., is sampling straightforward?). Classical TPPs, such as Poisson, Hawkes,
and self-correcting processes, rely on hand-crafted parametric forms for the in-
tensity function. While these models provide analytical tractability and inter-
pretable dynamics, restricting 1*(#) to a specific parameterization limits the gen-
eral applicability of such models. Indeed, they impose strong assumptions on
the underlying event-generating process, thus limiting the ability to model com-
plex, high-dimensional, or nonlinear real-world sequences, as well as long-term
dependencies between different events. To overcome these limitations, the most
recent solutions have resorted to neural approaches, called Nexral TPPs. Neural
TPPs [251, 314, 403, 417] integrate key concepts from point process literature
with deep learning methodologies and implement learnable parametric forms of
the intensity function, 13(#) [119, 166].

Such an approach provides increased flexibility to capture complex temporal
dependencies, incorporate high-dimensional event features, and model nonlin-

ear interactions, all while retaining the probabilistic foundation of classical TPPs.

By assuming a conditional distribution parameterized by the weights of a neu-
ral model, pj (7;, m;), inference can be performed by maximizing the joint likeli-

hood of the /N observed events in a sequence:

N N

g* = argmax HP@(T,’, m; | He) = Hp;(ri, m;). (3.2)
2 =0 =0

Early Neural TPPs, such as the Neural Hawkes Process [251], used RNNs

to model the intensity function. More recently, self-attention mechanisms have

been employed for the same purpose [403, 417]. The main challenge of such

intensity-based approaches lies in choosing a good parametric form for 23 (z).

The choice of the parametric form for the intensity function has to take into
account the necessity of a closed-form solution of the integral in Eq. (3.1), thus
practically restricting the expressiveness of the model. More complex parametric
forms would require Monte Carlo approximation of the integral [251], or the
sampling is expensive [265]. To mitigate this issue, Shchur etal. [314] proposed

to directly learn the parametric conditional distribution pj; (7) of the inter-arrival
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Figure 3.2: Representation of an autoregressive neural TPP model. Figure from [315].

times rather than the conditional intensity function 13 (¢), thus recasting learning
Neural TPPs as a density estimation problem.

Following Du etal. [119], Neural TPPs can be defined as autoregressive models
that sequentially predict the time and mark of the next event (¢, m;). This pro-

cess can be broadly decomposed into three main stages, as illustrated in Fig. 3.2:

1. Representing an Event: Each event (z,, m;) is first encoded as a feature
vector y;, obtained by combining temporal and mark-related information.
The temporal component can be derived from the inter-event time 7; (or
its logarithm log 7;) [119, 265], or from trigonometric functions, inspired
by the positional encodings used in Transformer-based models [403, 417].
The mark component can take various forms, including categorical labels,

scalar values, or more generally d-dimensional real-valued feature vectors.

2. Encoding the History of Events: The core idea is to summarize the
event history H,, = {y1, ..., y:—1}, which is inherently a variable-length
sequence, into a fixed-dimensional representation h;. In practice, this is
achieved by encoding the past events (yr, . . . , y;—1) into a history embed-
ding h;. One way to encode the history is through an update function £,
implemented as a recurrent encoder such as RNN, LSTM, or GRU. Start-
ing with an initial hidden state hy, after each event, the hidden state is
updated as h,4; = f{h,,y;). In this manner, it is possible to compute
the history embedding for all NV events of the sequence. Another possi-
bility is to compute the embedding h; directly from the set of past event

representations (yi,...,y,;—1). In this case, the encoding is performed
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independently for each event 7, for example, by using the self-attention
mechanism[403, 417].

3. Predicting the Arrival Time of the Next Event: Neural TPPs model
the conditional distribution of the next inter-event time 7; (or equivalently
the next arrival time #;) given the history H,,, denoted by Pf(7;). This
distribution can be specified through equivalent representations, such as
the probability density, cumulative distribution, survival function, hazard
function, or cumulative hazard function. In neural TPPs, a parametric
form is chosen for one of these functions, and its parameters are predicted
from the history embedding h; via a neural network. It is important to en-
sure that the chosen parametrization defines a valid probability distribu-
tion. Negative log-likelihood (NLL) is the default training objective for
both neural and classical TPP models. However, other objectives based
on adversarial losses [380] and inverse reinforcement learning [224] have

been proposed.

Applications of Neural TPPs span a variety of research fields [315], such as
healthcare [128], finance [21], social network analysis [347], earthquake forecast-
ing [51], and recommendation systems [211]. They have also been employed for
the spatio-temporal analysis of eye movement sequences [391]. In this work, we
make a step further and leverage the Neural TPP framework to directly model

attention dynamics on visual data.

3.1.2 Tue TPP-Gaze MoDEL

Modeling scanpaths involves defining a mapping from visual data, I (raw image
data representing either a static picture or a stream of images), to a sequence
of time-stamped gaze locations S = {(rg,n), (rs, 5), ... (vry, tn)}. Here
rp, € R? represents the two-dimensional vector of spatial coordinates of the
n—th fixation on the stimulus I, while z, € RT represents its arrival time. Even-

tually, a perceptual representation of the input stimuli, Z, is computed, with the
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aim of locating the relevant objects inside the scene:
| g {(I‘Fl,tl),(l‘pz,l‘z),...(I‘FN,tN)}. (33)

Here we assume that no specific external task or goal is given to the observer
(z.e., free-viewing condition). The dynamics of the attentive process, which un-
rolls as a sequence of fixation locations with corresponding duration/arrival time,
is characterized by an inherent randomness which likely stems from internal
stochastic fluctuations affecting sensory and information processing, movement
planning, and execution [348], in both fixation locations and corresponding du-
rations. Many scanpath models proposed in the recent literature [15, 16, 214,
330] get rid of fixations” timestamp information by rearranging the sequence
{(rg,t11),..., (rry )t as{rp(1), - - ,vr(N)}, assuming (rz,, £,) = r(n).

Several approaches [39, 101, 337] have dealt with this problem, relying on spe-
cific theoretical frameworks. Tatler et al. [337] modeled saccade timings as an ev-
idence accumulation process with clear neurobiological significance. Similarly,
in [101], a Langevin-type SDE race model [42] was adopted to predict fixations
and their durations in socially relevant contexts, while in [39], fixation duration
was equated to the patch residence time of a forager searching for nourishment.
Conversely, the vast majority of recent methods [74, 75, 80, 256, 331] simply
model fixation duration by employing specific neural architectural choices that

aim at associating each fixation with its corresponding duration.

In a different vein, this work recasts the whole visual attention allocation pro-
cess in the mathematical framework of point process theory [99]. This empha-
sizes the central role of visual attention’s spatio-temporal dynamics by explicitly
representing scanpaths as sequences of discrete events happening at irregular in-
tervals. Specifically, we conceive a scanpath as realization of a random process
whose events happen at strictly increasing arrival times 7 = {7, ..., #x}. Fixa-
tion duration can be recovered by resorting to inter-event times 7, = ¢, — #,—1,
while their locations can be represented as the two-dimensional continuous mark
associated with the z-th event. Under this assumption, Neural Temporal Point

Processes represent the natural choice for modeling this kind of data.
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Given a stimulus (image) I;, an ensemble of N, observers performs a se-
quence of fixations and saccades (scanpath) on it, thus obtaining a set of se-
quences C; = {§',..., 5"} Each scanpath § is a sequence of pairs (events)
S

' = (rg,, t,) each composed by a fixation position (marker) rr, € R?, and a

corresponding arrival time ¢, € R*. At the most general level, we are interested
in modeling the stochastic generative process that, given a semantic representa-
tion of the image Z; and the history of past events H,, simulates the next fixation

position and duration. More formally:
SZ;:L+1 ~ p@(an+1 ) tn-i—l ’ Hh 2’7])7 (34)

where py(-) represents the parametric joint conditional distribution of a Neural
TPP [314].

In the following, we present the architecture of TPP-Gaze, implementing a
scanpath model on an image as a Neural TPP. A qualitative overview of the pro-

posed architecture is depicted in Fig. 3.3.

REPRESENTING SCENE SEMANTICS. As outlined in Eq. (3.3), the sequence of
events composing a scanpath depends not only on the history of past events, but
on a perceptual representation of the input stimulus I, encoding scene semantics
and relevant object locations. We extract the perceptual representation of the
input image via a CNN architecture inspired by [214]. Specifically, the input
image is first processed by a pre-trained DenseNet201 CNN [165]. Activation
maps from various convolutional layers (as reported in [214]) are extracted, thus
obtaining a 2, 048 channels volume, each representing the location of semantic
features inside the scene. It is worth noticing that learning to predict fixation lo-
cations (z.e., marks) involves a mapping between coordinates in Cartesian space,
a task in which standard convolutions have been reported to fail [235]. Follow-
ing [248, 330], we adopt a CoordConv layer [235] to give convolutions access to
their own input coordinates. This results in a 2, 051 channels volume which is
fed as input to 3 layers of 1 x 1 convolutions, followed by a linear layer mapping

to Z; acting as our semantic representation.

REPRESENTING HisTORY. Neural TPPs employ either Recurrent Neural Net-
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Figure 3.3: Overview of TPP-Gaze model architecture. Given a semantic representation of the image (z;) and the history of past events (b,), the next

fixation position and duration are simulated.
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works (RNNGs) and their variants (e.g., LSTM, GRU) [119, 314, 372] or Trans-
former encoders [403, 417] to model the nonlinear dependency over both the
markers and the timings from past events [315]. As shown in Fig. 3.3, the pair
(rg,, 7,) representing the event occurring at the time #, with fixation position
rr, and duration 7, = ¢, — #,_1, is fed as the input into either a GRU or a
Transformer encoder as described in [417]. The Transformer/GRU state embed-
ding h,, represents the influence of the history up to the z—th fixation. Hence,
it can be employed as a vector space representation of H,,. Taking into account
the semantic representation z; and the history embedding h,,, Eq. (3.4) can be

rewritten as:

Sln-{—l Npﬂ(anHatn—l-l ‘ hna Zj)- (35)

FixaTioN DurATION GENERATION. We model the conditional dependence
of the distribution (7,41 | h,,2;) on both past events and stimulus by con-
catenating the history embedding and semantic vectors into a context vector
cin = [h, || z;]. In the vein of [314], the latter is employed to learn the pa-
rameters of a Log-Gaussian Mixture Model (LGMM) via an affine transform:

w = softmax(VwC;,), s =exp(Vsc,), m=Vmc;, (3.6)

where w € ]RI_E are the mixture weights, m € RX are the mixture means, and
s € ]Rf are the standard deviations. K represents the number of mixture com-

ponents. The fixation duration for the z—th event can be generated by sampling

from the LGMM defined by:

K

* _ _ 1 (log 7, — my)*
el ) =l o) = 3 ez ()
(3.7)

FixaTioN PosiTioN (MARK) GENERATION. Similarly, given the context vec-
tor ¢;, ,, we define the conditional probability of the next mark (fixation position),

26(rF,., | Dy, 2;), as a 2D Gaussian Mixture Model (GMM) whose parameters
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are obtained via another affine projection:
w, = softmax(Ric;,), =, = diag(exp(R5c;,)), g = Ric;, (3.8)

where w, € Ri are the mixture weights, K, € R? are the mixture means, and
DIYS [R?*2 are the diagonal covariance matrices of G bi-variate Gaussian distribu-
tions. The x and y coordinates of the z—th fixation can be generated by sampling
from the GMM defined by:

P;(an | c],n) :P(an | a),[u,Z)
G exp (—%(rf,, — ) Z (rE, — #g)) (3.9)

= wg

1 (27)% | Z¢ |

3.1.3 MODEL INFERENCE

Considerasetof stimuli Z = {1, . . ., I;, ..., I} each gazed by N, human ob-
servers. Each observer produces an ensemble of scanpaths C; = {S, ..., §™}
with 8 = (rfpﬂ, 7.,) representing an event (Z.e., fixation position and duration).
Model inference is performed by minimizing a negative log-likelihood loss with
respect to the parameters of the semantic network, the GRU/Transformer en-
coding history of events, and the affine transforms of the LGMM and GMM.

Formally, the loss function is defined as follows:

L) ==Y > [logps(7 | ) +logps(rh, | Ga)] . (310)
j 7 n

3.1.4 EXPERIMENTAL EVALUATION

DAraseTs. Regarding the stimuli and eye tracking data, we select five publicly
available datasets of human-recorded scanpaths comprising both fixation posi-
tions and durations: FiFa [69], NUSEF [289], OSIE [374], MIT1003 [194], and
COCO-FreeView [79].
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IMPLEMENTATION & TRAINING DEeTAILS. COCO-FreeView and MIT1003
datasets are used for model training. To this end, 70% of the images from both
datasets are used for training, while the remaining 30% is equally partitioned be-
tween validation and test sets. We use AdamW as optimizer, with weight decay set
to 107%, and the learning rate set to 1073, Batch size is equal to 128. We employ
early stopping after 20 epochs with no improvement on the validation set. Fol-
lowing previous literature [80, 214], during training and evaluation, we discard
the first fixation and remove all scanpaths containing fewer than four fixations.
ScanpaTH EvaLuaTioN METRICs. We employ the MultiMatch [114, 180],
ScanMatch [97], and Sequence Score [47] evaluation metrics since they explicitly
consider fixation duration in the evaluation process. In addition, the String Edit
Distance [50] is adopted to further evaluate predicted scanpaths.

In our experiments, for ScanMatch, the longest dimension of the stimuli is
divided into 14 bins, while the shortest is split into 8 bins. The temporal bin size
is set to 50 ms for scanpath models delivering fixation duration estimates.
EvaLuaTioN ProTocOL. We compare the scanpaths generated by different
models with those recorded from human observers. The objective is to evaluate
whether the simulated behaviors exhibit the statistical properties observed in hu-
mans during eye-tracking experiments while viewing the same stimulus.

The evaluation protocol unfolds as follows. Suppose there are N, human
observers. For each stimulus, we first compute the evaluation scores for every
possible pair of the IV, observers (Real vs. Real). Then, for each model, (i) we
generate gaze trajectories from artificial observers and (ii) calculate the evaluation
scores for every possible pair of real and artificial scanpaths (Real vs. Simulated).

For a given metric, this procedure yields a target distribution P of similarity
scores between observers (Real vs. Real) and a distribution Q of similarity scores
for the given model w.r.t. humans (Real vs. Simulated). As reported in [213],
MM, SM, and SS average values may deliver inconsistent results: models exhibit-
ing less variability w.r.t. humans, can score systematically better than the ground
truth model. This issue can be tackled by considering a good model as the one
that minimizes the discrepancy between the target and model-derived score distri-

butions. We quantified such discrepancy using the Kullback-Leibler Divergence
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Dim GMM MM (KLDiv)] SM(KLDiv)] SED/
CNN Img TPP K G Dur Avg w/ Dur w/oDur  Avg

Image Backbone
RN 256 256 4 16 0.011 0.037 0.113 0.101 17.575
DN 256 256 4 16 0.012 0.028 0.078 0.060 17.032

Image and TPP Dimensionalities
DN 128 128 4 16 0.010 0.031 0.094 0.069 16.959

DN 128 256 4 16 0.012 0.030 0.084 0.063 16.887
DN 256 128 4 16 0.009 0.037 0.105 0.082  17.413
DN 256 256 4 16 0.012 0.028 0.078 0.060 17.032
DN 256 512 4 16 0.010 0.031 0.101  0.095 17.462
DN 512 256 4 16 0.008 0.032 0.110 0.093 17.497
DN 512 512 4 16 0.009 0.027 0.104 0.077 17.154
Mixture Components
DN 256 256 2 16 0.014 0.027 0.092 0.071 16.944
DN 256 256 4 16 0.012 0.028 0.078 0.060 17.032
DN 256 256 2 32 0.009 0.030 0.109 0.098 17.216
DN 256 256 4 32 0.009 0.031 0.103 0.076  17.252

Table 3.1: Ablation study results comparing different model configurations and hyperparameters.
We report the results for ResNet50 (RN) and DenseNet201 (DN) visual backbones, various em-
bedding vector dimensions for the image representation and the TPP history, and different num-
bers of Gaussian mixture components.

(KL-Div): Dxr(P || Q) = > ,cx Plx)log(P(x)/Q(x)). Conversely, as SED
is an evaluation metric not requiring alignment, it is not susceptible to the in-
consistency issues associated with MM, SM, and SS. Consequently, its values are

directly reported without any further processing.

3.1.5 ScANPATH PREDICTION

ABLATION STUDIES. The TPP-Gaze architecture consists of three main blocks:
image encoding (CNN backbone), history encoding (RNN/Transformer), and
fixation/inter-time prediction (GMM/LGMM). To break down these compo-
nents and make the adopted design choices explicit, we perform extensive abla-
tion studies. Specifically, we evaluate two different CNN backbones for image
encoding (ze., a ResNet50 [157] and a DenseNet201 [165]) as well as three em-
bedding vector dimensions for the image semantic representation (z;) and the

history embedding (h,,, TPP dimensionality). Moreover, different numbers of
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components for the GMM/LGMM are considered. Table 3.1 reports the results
of the ablation studies conducted on the COCO-FreeView dataset. In our ex-
periments, we select the hyperparameters yielding the best trade-off according to
the considered evaluation metrics, resulting in a DesNet201 backbone and a di-
mensionality equal to 256 for all embedding vectors. Moreover, the parameters
K and G representing mixture components are respectively set to 4 and 16.
COMPARISON WITH THE STATE OF THE ART. We compare the proposed
model with state-of-the-art approaches that reach high performance in recent
scanpath benchmarks [212], offer source code availability, and are represen-
tative of different architectural solutions. As to the latter criteria, following
the taxonomy proposed in [212], scanpath models can be aggregated into the
following categories: biologically inspired (e.g. Itti-Koch model [177] and G-
Eymol [394]); statistically inspired (e.g. CLE model [41]); cognitively inspired
(e.g. IOR-ROI-LSTM [80]); engineered models (e.g. DeepGazelll [214] and
Scanpath-VQA [74]); but see [212-214] for an in-depth review. Under such cir-
cumstances, we assess the performance of TPP-Gaze against the aforementioned
models.

Table 3.2 reports quantitative results on the COCO-FreeView and MIT1003
datasets in terms of all considered metrics, while model performance on OSIE,
NUSEF, and FiFa is reported in Table 3.3 in terms of MM and SM and in Ta-
ble 3.4 in terms of SS and SED. In all experiments, we compare the aforemen-
tioned approaches using the pre-trained model weights released by the authors.
As DeepGaze models were trained on the entire MIT1003 dataset, the results
from DeepGazelll and CLE (DG) are not included in this comparison. Addi-
tionally, to explicitly measure the effect of the proposed architecture and mathe-
matical framework, we retrain and test the two most recent models (DeepGazelll
and Scanpath-VQA) under the same conditions adopted for TPP-Gaze (see Sec-
tion 3.1.4). Specifically, beyond training on the same data, the large-scale pre-
training of DeepGazelll, as well as the fine-tuning stage of Scanpath-VQA based
on reinforcement learning [294], have been inhibited. These results are reported
in gray color at the bottom of the tables.

When trained under the same settings and datasets, TPP-Gaze (with either
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COCO-FreeView MIT1003
MM (KL-Div) | SM (KL-Div) ]  SS(KL-Div)] SED/ MM (KL-Div)] SM (KL-Div) ]  SS(KL-Div)] SED|
Sh Len Dir Pos Dur Avg w/Dur w/oDur w/Dur w/oDur Avg Sh Len Dir Pos Dur Avg w/Dur w/oDur w/Dur w/oDur Avg
Itti-Koch [177] 0.42 0.40 0.21 1.02 - 0.51 - 2.54 - 1.01 1400 091 0.64 0.71 1.53 - 0.95 - 2.27 - 6.30 8.86
CLE (Itti) [41, 177] 0.07 0.30 0.35 1.43 - 0.54 - 2.50 - 1.27 1437 0.10 0.10 0.32 1.04 - 0.39 - 2.16 - 6.25 9.09
CLE (DG) [41, 215] 0.06 0.18 0.23 1.31 - 0.44 - 2.37 - 1.22 14.31 - - - - - - - - - - -
G-Eymol [394] 0.37 0.73 0.93 1.22 1.99 1.05 9.00 6.67 8.75 6.30 1420 0.68 0.68 0.46 1.54 1.03 0.88 15.90 4.89 3.32 6.96 6.96
IOR-ROIL-LSTM [80] 1.15 0.47 0.03 0.19 0.05 0.38 1.54 0.76 0.56 0.64 1355  0.59 0.27 0.07 0.57 0.05 0.31 0.69 0.45 5.08 8.61 8.61
DeepGazelll [214] 0.04 0.02 0.03 0.03 - 0.03 - 0.33 - 0.33 13.15 - - - - - - - - - - -
Scanpath-VQA [74] 0.05 0.16 0.10 0.06 0.25 0.12 1.07 0.34 0.43 0.28 12.76  0.04 0.05 0.08 0.05 0.14 0.07 0.06 0.05 0.05 0.11 7.26
DeepGazelll [214] 0.01 0.03 0.05 0.05 - 0.04 - 0.34 - 036  13.15 0.05 0.01 0.20 0.05 - 0.08 - 0.19 - 5.06 8.28
Scanpath-VQA [74] 0.62 0.41 0.02 0.05 0.03 0.23 0.08 0.03 0.03 031 1434 0.20 0.14 0.15 0.08 0.02 0.12 0.23 0.19 0.14 025 9.27
TPP-Gaze (GRU) 0.06 0.02 0.02 0.03 0.01 0.03 0.08 0.06 0.05 0.1 17.03 0.01 0.03 0.09 0.04 0.01 0.04 0.15 0.11 0.12 0.11 7.21

TPP-Gaze (Transformer) 0.05 0.01 0.02 0.03 0.01 0.03 0.10 0.07 0.06 0.12 16.93  0.01 0.02 0.09 0.07 0.02 0.04 0.22 0.16 0.14 0.14 7.33

Table 3.2: Comparison of various models on COCO-FreeView and MIT1003. Gray color indicates models trained under the same settings and datasets.

Within this group, bold values represent the best performance for each metric. Underline values indicate the overall best performance across all models
and metrics.

48



3.1. MODELING GAZE DYNAMICS IN SPACE AND TIME
WITH NEURAL TEMPORAL POINT PROCESSES

‘SOI_ow pue
S[opoul [[e sso1oe uuﬁwﬁﬁ@tu& 353q [[eI9A0 9Y3 93BJIPUI SoN[EA SUI[IOPU M "I1II9W I3 10J vuﬁﬁauom.s& 189q o3 uﬁvmwuﬁuu soneA pjoq ‘dnoid STYI U

*$195€1EP PUE SFUMIIS SUIES DY) IOPUN PIULELI SOPOW SAEIIPUI JO[0 ALAD) '$195EILP BIL] PUE TSN “TISO UO S[PPOW snotrea Jo uosiredwor) :¢*¢ 3[qey,

50 2¢0  TI'0 S0°0 0€0 TI'0 $0°0 90°0 I00 %00 %0°0 €10 T0°0 200 T0°0 €0°0 70 STO 900 SO0 ¥I'0 90°0 %0'0 TOQ (JPwiojsuei])sze-dd.L

450  €T0 O0I'0 S0°0 STO TI'0 S0°0 SO0 %00  %0'0 %0°0 0I'0 200 L0°0 200 €00  0£0 0T0 $0°0 €00 TI'0 SO0 %00 €00 (M9) 2ze9-dd.L
6L0 /%0 8T0 800 TE0 €€0 9T0 ¥%0 900 900 600 910 €00 900 £00 IT0 80 0%0 €20 TO0 0TO 600 SE0 6%°0 [7£] vOA-yredurdg
690 = %0 - 8I°0 0%0 €10 STO 900 = 800 - %00 600 00 IT0  TTO = 800 - %10 600 €0°0 %00 [r12] IPZEDdaaq
€10 €00 OT0 CI'0 Z00 €10 %00 %10 €00 200 90°0 800 SO0 200 %00 IT°0 €00 €00 800 9T0 %00 %00 Z00 £0°0 [7£] vOA-yreduesg
090 - %0 - ¥€0 1T0 TI'0 8TO  £0°0 - £00 - SO0 800 900 0T0 <TI0 - 110 - ST'0 900 800 ¥1°0 [r12] Pzendasg
9¢T  STT 240 SO0 ILT 0T0 IS0 ¥T'T €I0 TT0  9€0 LI'0 €20 TI'0 9€0 060 940  SLO 690 €00 96°0 €00 €40 ¢L1 [08] WLSTTIOY-MOI
IZTT 9¢LT  8TT 0F'C 8%T 650 LSO HE0 SS0 94T T80 TOE 620 SO0 0S0 8€0  6TL  LIOT 9T 8I'T TIC STO 80T SI'T [Fe¢] owdy-o
0r'¢ - 90 - 60 9€0 10 0¥0 0S50 - ST0 - 810 900 900 8O  €¥'T - $T0 - 090 ST0 €00 10 [stz vl (@) 10
167€ - 850 - ¥IT 620 010 8€0 640 - 0T0 - TH0 600 €00 90 86T - 8T0 - SL0 0T0 €00 €TI0 [£21 %] (M) TTD
80°9 - ¥9T - 9%¢ 80T IS0 IST 19°0 - SF0 - 950 LI'0 ¥%0 €90  TTT - 99T - 69¢ S¥0 680 79T [££1] yooxp-mat
mgo/m mq /s 8ay ing soq I U] YS mqo/m mq /s Sy g sof I U] YS mqgo/m mq /m 8ay g sof I U] YS
T (AIa-1) WS T (A ) WA T (AIa-1) WS T(AIa- ) WA T (A1) WS T (AT WA

f e JASAN dISO

49
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OSIE NUSEF FiFa
SS(KL-Div)| SED|  SS(KL-Div), SEDJ] SS(KL-Div)] SEDJ
w/ Dur w/o Dur  Avg w/ Dur w/o Dur  Avg ~ w/Dur w/oDur  Avg

Itti-Koch [177] - 393 9.07 - 189 997 - 1470 865
CLE (Itti) [41, 177] - 324 9.29 . 140 10.16 . 1262 886
CLE (DG) [41, 215] - 365 923 - 135 10.07 - 1438 8.83
G-Eymol [394] 1228 295 800 199 053 802 1317 S.00 613
IOR-ROL-LSTM [80] 020 284 88 006 110 969 030 1244 827
DeepGazelll [214] ; 251 847 - 104 938 - 1208 797
Scanpath-VQA [74] 002 009 755 002 010 839 003 044 681
DeepGazelll [214] ) 252 857 5 104  9.42 - 1225 8.0
Scanpath-VQA [74] 029 031 970 006 018 1061 035 090  9.73
TPP-Gaze (GRU) 025 030 805 002 003 84 015 024 7.00

TPP-Gaze (Transformer)  0.29 0.35 8.10 0.02  0.04 8.40 0.21 0.31 7.05

Table 3.4: Additional results on OSIE, NUSEF, and FiFa datasets in terms of SS and SED.
Gray color indicates models trained under the same settings and datasets. Within this group,

bold values represent the best performance for each metric. Underline values indicate the overall
best performance across all models and metrics.

GRU or Transformer-based history encoding) outperforms all the other ap-
proaches on most of the adopted metrics. Interestingly, in many cases, the
proposed approach offers the best overall performance, even when considering
the pre-trained models released by the authors, except for ScanMatch, where
Scanpath-VQA, which is directly optimized via reinforcement learning on this
metric, understandably proves to be the best. It is also worth noting that, espe-
cially for the NUSEF and FiFa datasets, our approach can achieve the best overall
results in terms of SS with and without duration. Some qualitative results are
shown in Fig. 3.5, where we report sampled scanpaths from five models along-
side those from humans. TPP-Gaze can predict fixations that better align with
those recorded from human subjects, confirming the advantages of the proposed
approach for predicting scanpaths during free-viewing. We refer the reader to
Section B.1 of the appendix for additional qualitative results.

Additional analyses in Fig. 3.4 and Fig. 3.6 show empirical distributions sum-
marizing TPP-Gaze’s scanpath statistics compared to those yielded by human
observers and other methods. TPP-Gaze features scanpath statistics that bet-
ter align with human behavior when compared with IOR-ROI-LSTM [80],
DeepGazelll [214] and Scanpath-VQA [74]. Even when tested on MIT1003,
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Figure 3.4: Statistical properties exhibited by TPP~Gaze and other methods relative to those of
human observers, in terms of empirical fixation durations and saccade amplitudes on the COCO-
FreeView (top row) and OSIE (bottom row) datasets.

NUSEF, and FiFa, TPP-Gaze eftectively models the long-tail distribution of both
fixation durations and saccade amplitudes. In contrast, other methods tend to
capture only the average human gaze dynamics. An exception is DeepGazelll on
NUSEF, which achieves comparable results for saccade amplitudes but does not

model fixation duration.

Beyond common scanpath statistics, we further evaluate the proposed ap-
proach using a return fixations (RF) analysis [400]. RF analysis describes the
tendency of observers (either human or simulated) to revisit previously foveated
locations. The frequency of RFs and the temporal offset (z.e., the number of in-
tervening fixations before returning to a location) at which they occur, provide a

more nuanced description of the cognitive processes underlying attention alloca-
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Humans

Figure 3.5: Comparison of simulated and human scanpaths. Each circle represents a fixation point, with its diameter proportional to the fixation duration.
For methods that do not model fixation duration, circles are shown with a uniform size.
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Figure 3.6: Statistical properties exhibited by TPP-Gaze and other methods relative to those of
human observers, in terms of empirical fixation durations and saccade amplitudes on MIT1003

(top row), NUSEF (middle row) and FiFa (bottom row) datasets.
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Figure 3.7: Return fixations analysis comparing TPP-Gaze with other methods and human ob-
servers. Results are shown on COCO-FreeView (top-left), OSIE (top-right), MIT1003 (middle-
left), NUSEF (middle-right) and FiFa (bottom) datasets.

tion [400]. Fig. 3.7 reports the results of this analysis in comparison with existing
methods across several datasets. Although TPP-Gaze was not explicitly trained
for this objective, it produces the most accurate RF patterns, generally presenting

an RF distribution that aligns better with human observers compared to other
methods.
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3.1.6 APPLICATIONS

SALIENCY PREDICTION. The performance of TPP-Gaze is further evalu-
ated by comparing the saliency maps “backward” generated from fixations with
those of human observers across all evaluated scanpath models. The results, pre-
sented in Table 3.5, are measured using three commonly adopted saliency met-
rics [55, 56, 92]: Kullback-Leibler Divergence (KL-Div), Judd’s Area Under the
Curve (AUC), and Normalised Scanpath Saliency (NSS). DeepGazelll and CLE
(DG) are reported here only as references for the performance of a saliency pre-
diction model, given their adoption of an extensive pre-training phase designed
expressly for saliency generation (DeepGazellI), or explicit adoption of a saliency
model (CLE (DG)). Overall, TPP-Gaze obtains the best or second-best perfor-
mance across all metrics and datasets. It yields results that are comparable to or
surpass those of IOR-ROI-LSTM [80] and Scanpath-VQA [74], which are sig-
nificantly better than all other approaches. This further demonstrates the effec-
tiveness of our approach in predicting fixation points that better resemble hu-
man scanpaths than those predicted by existing methods. Qualitative results are

reported in Section B.1 of the appendix.

3.1.7 EXTENSION TO ViSUAL SEARCH TASKS

Recently, several works [74, 116, 256, 389, 402] have focused on predicting at-
tention allocation on specific targets (visual search tasks). Although TPP-Gaze
was originally devised and evaluated for the free-viewing scenario, we extend
the TPP-Gaze architecture to handle the visual search task by forcing the
model to learn a task-specific semantic representation of the input image (see
Fig. 3.8). Recall that the TPP-Gaze’s semantic representation module consists
of a DenseNet201 CNN backbone and a learnable readout network composed
of three 1 X 1 convolutional layers with 8, 16, and 1 channels, respectively. The
spatial priority map is then projected to a fixed-dimensional vector, z;, to obtain
the j-th image semantic representation. Specifically, the last layer performing a
1 x 1 convolution is responsible for learning a non-linear combination of the

feature maps from the previous layers.
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COCO-FreeView MIT1003 OSIE NUSEF FiFa
KL-Div] AUC?T NSStT KL-Div], AUC?T NSSt KL-Div] AUCT NSST KL-Div) AUC?T NSSt KL-Div] AUC?T NSS7T

Saliency-based

CLE (DG) [41, 215] 8.65 0.55 0.09 - - - 5.08 0.59 0.28 4.99 0.63 0.38 6.39 0.59 0.25

DeepGazelll [214] 0.85 0.84 1.75 - - - 0.32 0.87 2.01 0.49 0.85 1.89 0.62 0.88 2.52
Saliency-free

Itti-Koch [177] 8.94 0.56 0.24 5.01 0.64 0.47 3.35 0.65 0.51 4.84 0.63 0.40 5.47 0.64 0.42

CLE (Itti) [41, 177] 7.45 0.54 0.07 4.15 0.61 0.23 3.45 0.61 0.23 3.36 0.63 0.31 4.84 0.60 0.23

O.mﬁ:o_ [394] 10.98 0.56 0.26 7.64 0.62 0.35 4.58 0.67 0.60 5.09 0.66 0.55 9.04 0.62 0.47

IOR-ROI-LSTM [80] 1.30 0.77 0.99 0.78 0.81 1.40 0.50 0.83 1.46 0.74 0.80 1.32 0.83 0.85 1.72

Scanpath-VQA [74] 3.53 0.77 156 2.12 0.82  2.01 1.26 0.84 2.12 2.45 0.80 176 1.88 0.86 2.89

TPP-Gaze (GRU) 1.01 0.84 1.65 0.78 0.86 2.06 0.67 0.84 1.72 0.84 0.84 171 1.07 0.86 2.06

TPP-Gaze (Transformer) 111  0.83 1.54 083 085 193 068  0.84 168 079 084 170 L11 085 191

Table 3.5: Saliency prediction results on COCO-FreeView, MIT1003, OSIE, NUSEF, and FiFa datasets. Models are grouped into saliency-based and
saliency-free methods, where the former (%.e., CLE (DG) and DeepGazelll) incorporate components trained to predict saliency maps. Bold values represent
the best performance within each metric, while underline values indicate the second-best results.
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Figure 3.9: Empirical distributions of the adopted metrics quantifying inter-humans (top) and
human vs. TPP-Gaze (bottom) scanpath similarity for the visual search task on COCO-Searchl18.

To guide the model toward a specific search objective, we redefine the archi-
tecture to enable TPP-Gaze to learn such a combination conditioned on a given
text string. To this end, we first obtain a linguistic embedding of the search tar-
get using the RoBERTa language model [238]. Let ', be the embedding vec-
tor representing the search objective. The readout network for the visual search
model consists of three 1 X 1 convolutional layers with 16, 64, and 256 chan-
nels, respectively. Thus, it is modified to output M = 256 feature maps. Let

X = [X0; -+ ;Xa1] € RM*9 represent the matrix of flattened image features.

The task-specific semantic representation for the j-th image, Z; targers 15 then

obtained as follows:
M
w = softplus(MLP(Fraeer));  Zjtarger = Z wiX;. (3.11)
i=1
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Figure 3.10: Human (left) and simulated (right) scanpaths for the visual search task. Search ob-
jective is “Sink”.

Preliminary results show encouraging trends on the COCO-Searchl8 dataset
[78, 386], as illustrated in Fig. 3.9, where visual search patterns produced by
TPP-Gaze are compared to human patterns using the MM and SM metrics. A

qualitative example is depicted in Fig. 3.10. For further results, see Section B.1.

3.1.8 DISCUSSION AND LIMITATIONS

TPP-Gaze is built upon the intensity-free learning formulation of temporal point
processes [314], thereby inheriting several of the associated limitations. Instead
of explicitly modeling a conditional intensity function, it adopts an intensity-
free formulation where the distribution over future gaze events is conditioned
on a latent encoding of the observed scanpath. While this removes the optimiza-
tion burden associated with intensity-based neural TPPs, it does not eliminate
dependence on past observations. Rather, it shifts it into a compressed hidden
representation. This introduces a potential information bottleneck, since long-
range temporal dependencies and fine-grained behavioral cues must be encoded
into a fixed-dimensional state. As a result, subtle aspects of gaze behavior that
depend on extended context or higher-order interactions may not be fully pre-
served. Moreover, the reliance on event-based conditioning means that broader
influences on visual attention, such as semantic scene understanding, task struc-
ture, and cognitive state, are only indirectly captured unless explicitly incorpo-
rated into the model. While the intensity-free approach improves flexibility, it

may reduce interpretability compared to explicit intensity-based formulations,
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making it harder to relate predicted event dynamics to meaningful psychologi-
cal constructs. Finally, as with most TPP-based approaches, generalization to
out-of-distribution viewing conditions remains limited, particularly in uncon-
strained environments where gaze behaviour is strongly influenced by context,
task semantics, and individual variability not explicitly encoded in the event for-

mulation.

3.2 MobpeLING HuMaN GazE BEHAVIOR wWITH DIF-
FUSION MODELS FOR UNIFIED SCANPATH PREDIC-

TION

Visual attention deployment is a dynamic and selective mechanism through
which humans efficiently process the vast amount of information in complex vi-
sual stimuli. Beyond temporal evolution, a fundamental aspect of visual atten-
tion is its inherent variability across humans. Consequently, human gaze behav-
ior is more appropriately described as a distribution over plausible trajectories
rather than as a single canonical sequence of fixations. However, much of the ex-
isting work on scanpath prediction generates scanpaths that reflect an averaged
behavior, failing to capture the rich variability observed in individual visual ex-
ploration [220, 297, 379].

As noted in [59], the decision of where to look next at any given moment
is neither entirely deterministic nor completely random. Modeling the effects
of randomness allows us to efficiently address the influence of complex factors,
such as oculomotor biases, traits, and motor response variability, at both the in-
dividual and group levels. Indeed, variability and the resulting stochasticity of
gaze allocation go beyond merely revealing individual idiosyncrasies, which are
significant in clinical and psychological studies. It also enables the observer to
remain responsive to new signals and promotes a flexible shift of attention. This
flexibility, in turn, facilitates efficient learning and exploration of the environ-
ment, an essential capability for autonomous systems in computer vision and
robotics [24, 336].
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This mismatch between the stochastic nature of human visual exploration
and the predominantly deterministic formulation of current models constitutes
a fundamental limitation in both modeling and evaluation, motivating the need
for new solutions that explicitly represent variability in visual attention. Recent
advances in generative modeling, particularly diffusion probabilistic models [115,
161], offer a promising alternative by using stochastic sampling to learn and gen-
erate diverse sequential outputs. Early applications to scanpath prediction have
shown promise in generating human-like gaze behaviors that capture the inher-
ent variability of individual scanpaths on 360° images [191, 363] and text [43].
When combined with the sequence modeling strengths of Transformer-based ar-
chitectures [117, 350], these approaches move beyond deterministic predictions
to simulate a broader range of plausible scanpaths aligned with cognitive theories
of attention [410].

Recent works have begun to address this issue through personalized scanpath
prediction, typically by conditioning models on subject-specific embeddings or
identity representations [75, 189, 378]. While this direction is an important step
toward accounting for inter-subject differences, it primarily focuses on adapting
predictions to a known individual. However, this thesis focuses on a related but
distinct setting. Rather than assuming a single representative scanpath or con-
ditioning on a specific observer identity, we model group-level visual attention
while explicitly accounting for the inter-subject variability within the group.

Based on this observation, we propose ScanD1 ff, a unified architecture that
integrates diffusion models with Vision Transformers [117, 266] to generate di-
verse and realistic gaze scanpaths. Unlike existing approaches, ScanD1 ff explic-
itly models scanpath variability by leveraging the stochastic nature of diffusion
models, enabling the generation of diverse yet plausible gaze trajectories. Fur-
thermore, our method incorporates textual conditioning and a length prediction
module, enabling the model to adapt to diverse visual search objectives within a
unified framework.

Through extensive experiments on COCO-FreeView [79], MIT1003 [194],
and COCO-Search18 [78, 386], we demonstrate that ScanD1 ff sets a new state-

of-the-art in scanpath prediction across both free-viewing and task-driven scenar-

61



3. PREDICTING HUMAN GAZE BEHAVIOR: FROM TEMPORAL DYNAMICS TO
GENERATION DIVERSITY

ios. Additionally, we present a novel analysis of the variability of predicted scan-
paths, highlighting that our approach generates highly diverse eye trajectories and
better captures human gaze behaviors than competing methods. This is achieved
by leveraging existing scanpath prediction metrics and incorporating a new mea-
sure that penalizes excessive similarity among generated scanpaths.

In summary, our key contributions are as follows:

* Anoveldiffusion-based architecture that models the inherent stochasticity
of human gaze, enabling the generation of diverse and realistic gaze trajec-
tories.

* A unified framework that integrates textual conditioning and a length pre-
diction module, allowing the model to adapt to both free-viewing and task-
driven scenarios.

* A comprehensive evaluation that includes a novel analysis of scanpath vari-
ability, demonstrating that ScanDiff outperforms existing methods in
capturing the diversity of human gaze behavior, along with achieving state-

of-the-art results in traditional scanpath prediction metrics.

Source code and trained models are publicly released”.

3.2.1 DI1rrusioN MODELS FOR TRAJECTORY GENERATION

For many years, Generative Adversarial Networks (GANSs) [146] have been the
dominant paradigm for high-quality sample generation. GANSs rely on an ad-
versarial training scheme between a generator and a discriminator. Despite their
empirical success, the min-max training process is notoriously unstable; they are
sensitive to hyperparameters, and they suffer from mode collapse, which limits
the coverage of the data distribution. Moreover, the lack of an explicit likelihood
makes both evaluation and theoretical analysis challenging.

Unlike classical generative models that learn a direct mapping from noise to
data, Diftusion Models [161, 320] have emerged as a compelling alternative, ad-
dressing several of these limitations. They represent a family of generative meth-

ods that formulate the generation process as a gradual transformation over time,

Thttps ://aimagelab.github.io/ScanDiff
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progressively refining coarse structures into fine details. By replacing adversarial
training with a well-defined probabilistic framework based on progressive nois-
ing and denoising, diffusion models offer more stable training dynamics, while
achieving high sample quality across a wide range of domains [53, 254, 262]. Al-
though this comes at the cost of increased computational effort during genera-
tion due to the iterative sampling process, the improved robustness, scalability,
and coverage of the data distribution have led diffusion models to largely sup-
plant GANs in many applications.

This central idea has been developed through three main perspectives:

* Variational View [161, 202, 320]: It frames diffusion as learning a denois-
ing process through a variational objective.

* Score-Based View [3, 324]: It learns the score function, the gradient of
the log data density, which guides how to gradually remove noise from
samples.

* Flow-Based View [233, 296]: It models generation as a continuous trans-
formation that transports samples from a simple prior toward the data dis-

tribution.

These perspectives provide complementary ways to understand and implement
diffusion modeling. In this thesis, we view diffusion models through a variational

lens.

VARIATIONAL PERSPECTIVE: DDPM

The variational framework gave rise to the Denoising Diffusion Probabilistic
Models (DDPMs) [161, 320], which represent a cornerstone of diffusion model-
ing. At their core, DDPM:s involve two distinct stochastic processes: the forward
process and the reverse denoising process . An illustration of this framework is de-
picted in Fig. 3.11.

THE FORWARD PROCESS. Given a sample x( drawn from a real-world data dis-
tribution x¢ ~ g(x), the forward process is a non-trainable operation, fixed to a
Markov chain that gradually corrupts the original data by adding Gaussian noise

e ~ N(0, ) for a number of timesteps 7, producing a sequence of noisy sam-
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Figure 3.11: Illustration of the forward process and reverse process of the Denoising Diffusion
Probabilistic Models (DDPM). Figure from [367].

ples X1, . .., X7, according to a noise variance schedule {8, € (0,1)},. This

produces, at each timestep ¢, a latent variable x, with distribution ¢(x, | x,—1),

defined as:
Q(Xt | Xz‘—l) =N (Xt; \/ 1-— ﬂtxt—lugtl) )

T (3.12)
g(xv.7| %) = H‘](Xr | Xe-1),

with I being the identity matrix.

As aresult, the forward process gradually corrupts the distinguishable features
of the original sample x( while the step # increases. When 7" — o0, X7 ap-

proaches an isotropic Gaussian distribution py,, := N(0,1).

A useful property of the forward process is that it allows the sampling of X, at
an arbitrary timestep ¢ given the original data xo. By defining#, = 1 — 3, and

_ ¢ .
2; = | [._, a,, we obtain:

Q(Xt ’ XO) = N(Xt§ \/ZXOa (1 - &t)I) . (3.13)

THE REVERSE DENOISING PROCESS. The essence of the reverse process is to
reverse the forward process. Starting from pure noise X7~ py,r, the final goal
is to progressively denoise this randomness until a meaningful data sample x,

emerges. Unfortunately, directly computing the target distribution g(x,—; | x;)
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is challenging. Indeed, by Bayes’ theorem, we would need to evaluate:

q(xt—l | Xt) - Q(Xt | th()xq;I(th) . (3.14)
22

intractable

Thus, a closed-form evaluation is not possible because the data distribution p,,
is unknown. The solution is to learn a model py to approximate these conditional
probabilities and run the reverse process. Formally, this process is defined by a

Markov chain parameterized by &:

T
pe(X0.1) = pa(X7) HP&(XH | X;). (3.15)

=1

In particular, each transition pg(x;—1 | X,) is modeled as a Gaussian:

palxr | x0) = N (o1 g5(0,2), Zalx 1)) (3.16)

where ¢, and %4 represent the predicted mean and variance of the true posterior
distribution, respectively. In most implementations, the variance X4 is typically
fixed according to a schedule £, even if some works proposed to learn it [261]. In
typical DDPM implementation, training is usually based on the € — prediction
formulation. Specifically, the network pg predicts the noise € that was added in

the forward process, and a noisy sample X; ~ g(x; | x) at timestep ¢ is generated

by:
Xt - \/57[)(0 + V 1 - E‘Z Eta XO didtzzv g~ N<07 I) (317)
Knowing €, we can analytically express the mean g, of the posterior:

1 —a ~——
e-prediction

/ug(xt?[) = L (xt - 1_70% Eﬂ(xtvt)> : (318)

Through some simplifications, it is possible to demonstrate that the final train-
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Figure 3.12: Sampling procedure with a € — prediction model €4(x;, t). Figure from [367].

AN

ing objective is equivalent to a simple ; loss between the true noise and the net-

work prediction:
£8) = Bxyes| | & = ealxis) |1 |. (3.19)

Minimizing this loss encourages the network to approximate the true reverse pos-
terior without requiring access to the unknown X at generation time.

SAMPLING PROCEDURE. After training the -prediction model €4(x;, £), sam-
pling is performed sequentially as illustrated in Fig. 3.12, using the parameterized

transition pg(X,—1 | X;). Starting from a random sample
X7 ™~ Pprior = N(O, I),

we recursively sample from ps(x,—1 | X;) following the update rule for r =
T, 7T—1,...,1:

1 1—2a;

1 — X ———=ep(x,, ¢
Xr—1 Xt m 6(Xl‘7 )

+0'[ &, Ep N(O,]), (320)
Ve
xuﬂ(xlvt)

This denoising process continues until X is obtained as the final clean generated
sample.

GENERATING SEQUENCES WITH DIFrusioN MobeLs. Diffusion models
have also gained popularity as a non-autoregressive alternative for modeling se-
quences [385], demonstrating success in generating various types of sequences,
including continuous timeseries [87, 96, 231], text [145, 225], and audio [205].
These models have recently been adopted for generating spatio-temporal data,
such as GPS trajectories [366, 415, 416] and human motion data [83, 323, 401],

including eye movement patterns [43, 191, 363]. In contrast to these methods,
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Forward Process ——> Reverse Process < ——

Figure 3.13: The diffusion process of ScanDi ff that generates realistic scanpaths through learned
transitions conditioned on image [ and viewing task .

we focus on both standard free-viewing and goal-oriented settings, introducing
a novel approach able to predict scanpaths of variable lengths on natural images,

thereby enabling greater variability and more realistic gaze behavior.

3.2.2 ScaNDIFF: A DIFFUSION-BASED MODEL FOR UNIFIED SCAN-
PATH PREDICTION

We propose ScanD1 ff, a novel scanpath prediction architecture based on diffu-
sion models to generate realistic and diverse gaze patterns (see Fig. 3.13). Its mul-
timodal nature enables the unified prediction of various types of visual attention,
seamlessly adapting to different viewing tasks and stimuli.

Given an image or stimulus / € RAXWX3 and a viewing task ¢, the final ob-
jective is to predict a human-like scanpath represented as an ordered sequence
of N fixations s = {fi,/2,...,/n}. Each fixation f; consists of a pair (r;, m;),
where 7; = (x;,7;) € R? is the 2D spatial fixation location, while m; € R is
the fixation duration. In this work, we propose a non-autoregressive approach to

generate scanpath trajectories by learning a diffusion model ¢,. Starting from a

67



3. PREDICTING HUMAN GAZE BEHAVIOR: FROM TEMPORAL DYNAMICS TO
GENERATION DIVERSITY

noisy sample drawn from a Gaussian distribution, the learned model iteratively
refines it to produce the final scanpath trajectory. An overview of the proposed

architecture is depicted in Fig. 3.14.

ForwARD PROCESS: SCANPATH EMBEDDING

Lets € RY*3 beasequence of N ground-truth fixations. To enable a structured
latent space that better captures temporal and spatial dependencies of the scan-
path, we learn a linear projection gg : RN*3 — RV xd o map the scanpath s
into an augmented embedding space, thus obtaining the initial uncorrupted la-
tent variable zg = g5(s) € RV*?. During the forward process (see Fig. 3.13), we
gradually corrupt the whole embedded sequence zy by adding Gaussian noise
over T timesteps, following a predefined variance schedule. At each timestep
¢, the noisy latent representation z, is obtained through a Markovian diffusion
process, as defined in Eq. (3.12). By the final timestep, the representation z7
approaches an isotropic Gaussian distribution, eftectively removing any trace of

the original scanpath structure.

CONDITIONAL DENOISING PROCESS

Scanpath prediction involves the generation of an ordered sequence of NN fixa-
tions conditioned on a given stimulus / and a viewing task ¢. Therefore, referring

to Eq. 3.15, the conditioned denoising process can be rewritten as:

T
pazor | 1) = p(zr) [ [ po(2e1 | 20, 1) (3.21)

=1
Our model @, is based on an encoder-only Transformer [350], modified
to incorporate an additional multi-head cross-attention layer between the self-
attention and feed-forward layers [273]. This enables the model to effectively

condition on the image 7 and the viewing task c.

Imace Encoping. We process each stimulus 7 € RA*"*3 ysing a
Transformer-based visual backbone v(-) which outputs a dense feature map

v(I) € RP*®*d: Here, h and w denote the number of patches along the height
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and width of the image, respectively, while d, refers to the dimensionality of the
visual embedding space.

Task ENcopiNe. Our model features a unified architecture that seamlessly
adapts to different tasks without requiring any architectural modifications. This
flexibility is achieved by using a text encoder to represent the viewing task c.
Specifically, for the free-viewing task, we represent ¢ as an empty string. In con-
trast, for visual search, ¢ corresponds to the textual label of the target object to
look for in the image (e.g. “laptop”). To extract task representations, we employ
a pre-trained text encoder () which maps c to a feature vector ¥(c) € R% in
the textual embedding space, where d, denotes the dimensionality of the textual
features.

MurtiMmopAL CONDITIONING. To condition the denoising process on both
the image 7 and task ¢, we project the visual features v(/) and the textual features
¥(c) in a joint multimodal embedding space. Following previous works [256],
we first map the visual and textual features into a common d-dimensional space
using two independent linear transformations. The textual features are then re-
peated hw times and concatenated with the visual features along the channel di-
mension, resulting in a feature map of size hw X 2d. Finally, this feature map
is linearly projected into a d-dimensional feature space to obtain the final multi-
modal embedding V,;», € RPxd \which effectively combines visual and task
semantic information. This multimodal conditioning enables a unified model
to adapt to various tasks, from free-viewing to visual search. The resulting mul-
timodal embedding V;,, is then passed through the cross-attention layer of the
Transformer. In parallel, z, is augmented with a learnable positional encoding
and a sinusoidal diffusion timestep embedding. For the sake of simplicity, in
what follows, we refer to z, as the combination of the noisy scanpath embedding,
the positional, and the diffusion timestep embeddings.

Unlike previous approaches [191, 363] that directly concatenate the noisy gaze
sequence with the image embedding, we combine z, and the visual-semantic
features 'V, only in the cross-attention layer. This design choice allows the
model to dynamically modulate the interaction between gaze dynamics and

visual-semantic information, rather than enforcing a rigid concatenation.
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ScANPATH RECONSTRUCTION & LENGTH PREDICTION. The Transformer
encoder output is defined as Zo = @,(2;, Vjpins) € RN%4 The spatial co-
ordinates and the duration of the fixations are reconstructed starting from the
predicted sample Zo. Specifically, a feed-forward network y, with three linear
layers followed by a ReLU activation function is adopted to decode Zj to an
approximation of the original scanpath § = {;fl,ﬁ, o ,/}N} ,]ﬂ- € R3. The
visual response to a given stimulus and the corresponding scanpath length can
vary across subjects. Existing works that leverage diffusion models for scanpath
generation [191, 363] typically produce fixed-length scanpaths. In contrast and
crucially, we take a different approach: we introduce a length prediction module
in the model architecture, which allows for greater flexibility. In particular, this
module predicts the probability #; of each token in the reconstructed sample Z
to be valid through a linear function /5 : RN*4 _ RN, The final predicted

length is equal to the number of consecutive valid tokens.

3.2.3 'TRAINING AND INFERENCE

The training objective £ is defined as the combination of four different compo-

nents:

L= EVLB + £rc[ + ﬁml + ET' (322)

The first component Ly g aims to minimize the difference between the un-

corrupted sample z( and the model prediction. Formally, it is defined as:

T
Lvipg = Z midzy — @2, Vj,,im)mz'a'z. (3.23)

=1

This simplification can be derived from the variational lower bound [43]. To re-

duce the noise in the optimization of Ly g we adopt importance sampling [261].

The second term £, measures the scanpath reconstruction error and is de-

fined as the Z; loss between the ground-truth scanpath s and the reconstructed

71



3. PREDICTING HUMAN GAZE BEHAVIOR: FROM TEMPORAL DYNAMICS TO
GENERATION DIVERSITY

ones:
1 N
Lyec :” s—5§ H: NZ“ X — X; | + ‘)’i_j’i ‘ + ‘ m; — m; D (3.24)

i=1

Here, x; and y; denote the spatial coordinates of the reconstructed fixation f;, and
m; is the relative fixation duration. During training, the ground-truth scanpaths
are padded or truncated to a maximum length of L. The L — N padding fixations

are masked out during the computation of L.

The term L, represents binary cross-entropy loss for predicting the validity

of each reconstructed fixation:

L
1 -
Loy = 7 g BCE(#;, ;). (3.25)

=0

At the final diffusion step, the mean prediction should converge to zero un-
der the assumption that the noise prior follows a standard Gaussian distribution.
To stabilize the diffusion process, we define the loss L7 =|| (z7) ||*, which
penalizes any residual bias in the mean prediction at the final timestep, ensuring
it ends in a clean isotropic Gaussian. This also regularizes training by enforcing

theoretical constraints otherwise weakened by finite-step approximations.

SAMPLING A SCANPATH. At inference time, our model generates a scanpath
in response to a visual stimulus /7 and a viewing task ¢ (e.g. free-viewing or visual-
search). We sample z7 ~ N(0,Z) € RN*4 and the model g, iteratively de-
noises z7 to Zo. At each sampling step ¢, the multimodal features 'V, are fused
with z, in the cross-attention layer to condition the reverse process. After denois-
ing z into z, this is fed through two independent inverse embedding layers to
obtain the predicted scanpath and its relative length /N. To account for the vari-
ability in the observational patterns across different subjects, we generate multi-

ple scanpath trajectories by sampling distinct noisy samples z 7.
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3.2.4 EXPERIMENTAL RESULTS
EXPERIMENTAL SETUI’

DataseTs. We evaluate our model on both the free-viewing and visual search
tasks. For free-viewing, we adopt COCO-FreeView [79] and MIT1003 [194]. To
train our model, we combine images from both datasets, using 70% for training,
15% for validation, and 15% for testing. To assess the performance on the visual
search task, we employ COCO-Searchl18 [78, 386]. In this setting, we employ
the training, validation, and test sets used in previous works [76, 256].
EvarLuatioN METRICS. The similarity between generated and human
scanpaths is measured through the MultiMatch (MM) [114, 180], Scan-
Match (SM) [97], Sequence Score (SS) [386], and Semantic Sequence Score
(SemSS) [389] metrics. In particular, we adopt the same evaluation protocol
proposed in TPP-Gaze [102], where the distribution of human vs. generated
metrics is compared against the distribution of the human consistency metrics,
using the Kullback-Leibler divergence. Beyond similarity, capturing the diver-
sity of generated scanpaths is crucial to prevent the model from collapsing into
a deterministic solution, thereby preserving the natural variability observed in
human eye movements. To this end, we adopt two additional metrics: the Indi-
vidual Scanpath Recall [388], which we rename as Recall Sequence Score (RSS),
and a newly introduced metric that favors the diversity of generated scanpaths,
termed as Diversity-aware Sequence Score (DSS).

In particular, the RSS measures the extent to which the generated scanpaths
cover the variability of human scanpaths for a given stimulus. For a human scan-
path in the dataset, it is considered covered if its SS with at least one generated
scanpath surpasses a predefined threshold. The RSS is then computed as the ra-
tio of covered human scanpaths to the total number of human scanpaths. This
metric evaluates whether the model can replicate the range of individual behav-
iors observed in humans.

The novel DSS metric we propose extends the standard sequence similarity
measures by incorporating a term that penalizes excessive similarity among the

generated scanpaths when humans do not reflect such behavior. Given a set of
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generated scanpaths s, and corresponding human scanpaths s, for a specific vi-

sual stimulus, DSS is computed as

SS(sg7 Sp)

DSS =
(Sga Sh) 1+ ‘ SS(sg7 Sg) — SS(Sb7 Sh) |

(3.26)

where SS is the average sequence score calculated over the possible combinations
of different scanpaths. The denominator penalizes models that produce overly
uniform predictions, encouraging outputs that not only match human behavior
but also reflect its natural variability.

IMPLEMENTATION & TRAINING DETAILS. We employ the DINOv2 ViT-
B/14 model [266] as the pre-trained visual backbone, considering its rich seman-
tic understanding of the visual scene. In particular, we use the DINOv2 variant
with registers [106]. To align with its training resolution, we resize all images to
a resolution of 518 X 518, resulting in a feature map v(/) of 37 X 37 patches,
with an embedding dimension of d, = 768. For textual encoding, we adopt
the pre-trained CLIP ViT-B/32 model [285], which projects the viewing task ¢
into a feature space of dimension d, = 512. The modified architecture of the
Transformer encoder consists of M = 6 layers, each with 8 attention heads and
a hidden dimension d = 512. The model is trained with the AdamW optimizer,
a batch size 0f 128, alearning rate set to 1 X 1074, a weight decay of 1 X 1072, and
anumber of diffusion steps 7' = 1000. In addition, a square-root noise schedule
is adopted. Following previous works [74, 76], the maximum scanpath length is
set to 16. During training, the spatial coordinates of each fixation are scaled in

the range [0, 1], and fixation durations are retained in seconds.

COMPARISON WITH THE STATE OF THE ART

We evaluate ScanD1 ff by comparing it with existing scanpath prediction models
in both free-viewing and visual search tasks. Our evaluation includes a diverse
range of approaches and architectures, covering both traditional model-based
methods (e.g. Itti-Koch [177], CLE [41], and G-Eymol [394]) and deep learning-
based models (e.g. PathGAN [15], IOR-ROI-LSTM ([80], DeepGazelll [214],
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ChenLSTM [74], Gazeformer [256], HAT [388], ChenLSTM-ISP [75], Gaz-
eXplain [76], TPP-Gaze [102]). ChenLSTM-ISP [75] is originally designed to
generate user-specific scanpaths. In contrast, our model accounts for population
diversity. To adapt ChenLSTM-ISP to our setting, we make it predict a single
scanpath conditioned on an image, a task, and a user identifier. By simulating
this process across different user identifiers, we obtain a population of scanpaths
representing diverse subjects. We retrain TPP-Gaze on the new splits, as training
data used in the original model may include samples from the new test set.
FrREE-VIEWING REsuLts. Table 3.6 presents a comprehensive evaluation
across the considered free-viewing datasets. For a fair comparison, the most re-
cent models were re-trained using identical settings and datasets to ScanD1 ff.
These results are reported in gray color at the bottom of the table.

For the COCO-FreeView dataset, ScanDiff demonstrates competitive per-
formance across multiple metrics. Our approach achieves the best results in the
MM-direction metric among models trained with identical settings. This indi-
cates a superior ability of our model to predict saccade directions that match hu-
man scanpaths. Furthermore, our model shows strong performance in the MM-
position metric and achieves the best overall SM and SS metrics when considering
fixation duration, demonstrating effective modeling of temporal dynamics. The
MIT1003 dataset results further validate the effectiveness of ScanDiff. Our
model achieves the highest MM average score among all competitors, demon-
strating its overall strong performance. The superior results in SM and SS with
duration are confirmed also on this dataset, outperforming all competing meth-
ods. This strong performance on the duration-aware metrics highlights the abil-
ity of our model to eftectively represent the temporal aspects of visual attention.
The unified diffusion-based architecture allows capturing both the spatial pat-
terns of eye movements and their temporal characteristics, enabling more realistic
scanpath generation.

ZERO-SHOT EVALUATION. Asa complement to Table 3.6, we report in Ta-
ble 3.8 the results obtained on the OSIE dataset [374], which is used exclusively
for zero-shot evaluation and not included in the training process. This analy-

sis allows us to assess the generalization capability of ScanD1 ff on unseen sam-
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COCO-FreeView MIT1003
MM | SM | SS| MM | SM | SS|

Sh Len Dir Pos Dur Avg w/Dur w/oDur w/Dur w/oDur Sh Len Dir Pos Dur Avg w/Dur w/oDur w/Dur w/oDur
Ieti-Koch [177] 0.504 0.507 0.237 1.325 -  0.643 - 4317 - 1.624 1.040 0.702 0.353 2.900 -  1.249 - 3.233 - 6.639
CLE (Itti) [41, 177] 0.052 0.317 0.427 1.966 - 0.691 - 3.576 - 1.747 0.061 0.124 0.414 1.515 -  0.529 - 3.454 - 5.397
CLE (DG) [41, 215] 0.037 0.180 0.323 1.823 - 0.591 - 3.657 - 1.750 0.099 0.038 0.458 1.066 - 0.415 - 2.566 - 6.234
PathGAN [15] 0.070 0.406 1.009 0.073 0.031 0.318 1.210 1.383  0.718 1.012 0.063 0.234 1.603 0.514 0.165 0.516 2.255 1.069  1.087 1.190
G-Eymol [394] 0.583 0.741 1.296 0.550 0.676 0.769 9.350 8.990  8.622 4.127 0.870 0.523 0.444 0.431 0.187 0.491 9.942 2513 9799 3.771
IOR-ROI-LSTM [80] 1.107 0.442 0.013 0.444 0.028 0.407 1.540 1.520  0.546 1.005 0.677 0.446 0.021 1.099 0.051 0.459 0.985 0.875  0.437 5.302
DeepGazelll [214] 0.037 0.016 0.019 0.028 -  0.025 - 0.368 - 0.393 - - - - - - - - - -
ChenLSTM [74] 0.034 0.128 0.105 0.045 0.189 0.100 0.574 0.373  0.344 0.442 0.028 0.073 0.149 0.107 0.110 0.094 0.168 0.161 0.192  0.316
HAT [388] 1.099 0.434 0.042 0.444 - 0.505 - 1.025 - 0.331 1.196 0.522 0.381 2.38¢ - 1.121 - 2.112 - 1.305
ChenLST-ISP [75] 0.038 0.173 0.166 0.077 0.188 0.128 0.683 0.576  0.377 0579 0.034 0.124 0.175 0.114 0.095 0.108 0.264 0.214  0.267 0.240
GazeXplain [76] 0.151 0.195 0.874 0.164 0.382 0.353 3.915 3.423 2278 5.616 0.018 0.065 0.079 0.058 0.188 0.082 0.035 0.094 0.072 1.419
DeepGazelll [214] 0.009 0.017 0.059 0.038 - 0.031 - 0.348 - 0.417  0.025 0.020 0.210 0.074 -  0.082 - 0.210 - 3.878
ChenLSTM [74] 0.715 0.411 0.056 0.129 0.092 0.280 0.116 0.110  0.022 0.093 0.251 0.153 0.181 0.136 0.059 0.156 0.373 0.251 0.284 0.236
GazeXplain [76] 0.346 0.226 0.032 0.033 0.068 0.141 0.049 0.038  0.017 0.007 0.060 0.046 0.065 0.025 0.044 0.048 0.158 0.051 0.128 0.043
TPP-Gaze [102] 0.063 0.017 0.061 0.038 0.010 0.038 0.125 0.226  0.033 0.130 0.039 0.036 0.139 0.068 0.027 0.062 0.244 0.257 0.144 0.280
ScanDiff (Ours) 0.131 0.048 0.021 0.037 0.151 0.078 0.015 0.027 0.013 0.038 0.050 0.015 0.042 0.019 0.072 0.040 0.041 0.065 0.026 0.047

Table 3.6: Performance comparison of different models on the COCO-FreeView [79] and MIT1003 [194] datasets. Models trained using identical settings
and datasets to ScanDi ff are highlighted in gray . Among these, the highest performance for each metric is marked in bold. Underlined values denote

the top overall performance across all models and metrics.
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OSIE
MM | SM | SS|
Sh Len Dir Pos Dur Avg w/Dur w/oDur w/Dur w/oDur
Ieti-Koch [177] 1.886 1.293 0.482 2.910 - 1.643 - 4.467 - 4.086
CLE (Itti) [41,177]  0.070 0.049 0.294 1.007 - 0.355 - 2.560 - 3.185
CLE (DG) [41,215] 0.105 0.025 0.215 0.906 - 0.313 - 2.021 - 3.766
PathGAN [15] 0.070 0.108 0.575 2.148 0.199 0.620 3.504 3.155 2.061 1.960
G-Eymol [394] 1.531 0.782 0.238 2.159 0.324 1.007 14.068 7.125 9.468  3.341
DeepGazelll [214] 0.058 0.025 0.143 0.200 - 0.107 - 0.333 - 2.465
ChenLSTM [74] 0.723 0.477 0.122 0.420 0.026 0.353 0.781 0.638 0.402  0.350
HAT [388] 2.793 1.248 0.207 2.236 - 1.621 - 3.371 - 1.548
TPP-Gaze [102] 0.070 0.070 0.085 0.288 0.067 0.116 1.058 0.648 0.779  0.365

ScanDiff (Ours) 0.036 0.024 0.040 0.150 0.035 0.057 0.219 0.305 0.253 0.226

Table 3.8: Performance comparison of different models on the OSIE [374] dataset for zero-shot
prediction. Models with the highest performance for each metric is marked in bold.

ples. Our model achieves the best overall results when compared with models
that don’t use OSIE as part of the training set. This highlights the ability of
the model to generate plausible and diverse scanpaths without requiring dataset-
specific fine-tuning, demonstrating its robustness also in out-of-distribution sce-
narios.

VisuaL SEaARcCH REsurts. The results summarized in Table 3.7 demon-
strate the superior performance of our proposed model on the COCO-Search18
dataset across multiple evaluation metrics and search scenarios. We evaluate
performance in both target-present and target-absent conditions, which repre-
sent fundamentally different search behaviors in human visual attention. In the
target-present scenario, ScanD1 ff achieves state-of-the-art performance across
all metrics. Our model exhibits a significant improvement in MM distributions,
with an average KL divergence of 0.048, which represents a 71.3% reduction
compared to the second best model (ze., GazeXplain at 0.167). For SemSS,
ScanD1 ff attains KL divergence values of 0.072 and 0.078 with and without du-
ration information, respectively, demonstrating consistent performance across
temporal aspects of gaze behavior. The target-absent condition presents a par-
ticularly challenging scenario, as human attention patterns become more ex-
ploratory when the target object cannot be found. Even in this setting, ScanDi ff

outperforms all baseline methods by substantial margins.
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Target-Present Target-Absent
MM | MM |
Sh  Len Dir Pos Dur Sh  Len Dir Pos Dur
PathGAN [15] 0.594 0.365 0.937 0.333 0.336 0.030 0.103 0.167 0.153 0.172

ChenLSTM [74] 0.253 0.276 0.337 0.054 0.066 0.075 0.044 0.111 0.052 0.092
Gazeformer [256] 0.581 0.301 0.316 0.056 0.150 0.067 0.047 0.054 0.044 0.233

HAT [388] 0.161 0.089 0.115 0.108 - 0.108 0.040 0.024 0.034 -

ChenLSTM-ISP [75] 0.272 0.232 0.302 0.019 0.044 0.114 0.087 0.132 0.016 0.060
GazeXplain [76] 0.238 0.255 0.245 0.038 0.052 0.019 0.016 0.015 0.051 0.128
TPP-Gaze [102] 0.676 0.250 0.845 0.825 0.025 0.051 0.017 0.117 0.287 0.018
Gazeformer [256] 0.436 0.326 0.313 0.031 0.147 0.081 0.418 0.269 1.613 0.250
GazeXplain [76] 0.244 0.224 0.295 0.030 0.045 0.009 0.023 0.024 0.035 0.095
TPP-Gaze [102] 0.445 0.254 0.581 1.216 0.037 0.023 0.032 0.052 0.547 0.023

ScanDiff (Ours) 0.077 0.048 0.067 0.015 0.033 0.008 0.010 0.007 0.008 0.067

Table 3.9: Additional results on COCO-Searchl18 dataset [78] for both target-present and target-
absent settings. Models trained using identical settings and training splits to ScanD1 ff are high-
lighted in gray . Among these, the highest performance for each metric is marked in bold.

Underlined values denote the top overall performance across all models and metrics.

It is worth noting that while some competing methods like GazeXplain per-
form reasonably well in specific metrics, they lack the consistent performance
across all evaluation dimensions that ScanD1 ff demonstrates. This consistency
across metrics and conditions indicates that our model better captures the under-
lying mechanisms of human visual search behavior in both goal-directed (target-
present) and more exploratory (target-absent) scenarios.

Table 3.9 presents a detailed breakdown of ScanDiff’s performance on
the COCO-Searchl8 dataset across individual MM metrics for both target-
present and target-absent scenarios. Extending the results reported in Table 3.7,
ScanDii ff consistently outperforms existing methods in modeling spatial charac-
teristics of scanpaths with substantial margins. In the target-present condition,
our approach achieves KL-divergence reductions of 68 —78% for shape, 79—81%
for length, 77 — 88% for direction, and 50 — 99% for position compared to mod-
els trained under identical settings (highlighted in gray). Similar improvements
are observed in the target-absent condition. While TPP-Gaze shows slightly bet-
ter performance in duration modeling for target-absent cases, ScanD1 ff main-

tains competitive performance in duration metrics for target-present scenarios
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Backbones COCO-FreeView COCO-Search18
Textual Visual MM| SM| SS|, MM | SM| SS| SemSS|

Effect of Textual Backbone
RoBERTa DINOv2 0.110 0.181 0.111 0.076 0.143 0.072 0.132
ScanDiff CLIP DINOv2 0.078 0.015 0.013 0.048 0.037 0.019 0.072

Effect of Visual Backbone
CLIP RN50 0.049 0.019 0.029 0.070 0.052 0.031 0.084
CLIP CLIP  0.058 0.199 0.112 0.090 0.079 0.033 0.069
ScanDiff CLIP DINOv2 0.078 0.015 0.013 0.048 0.037 0.019 0.072

Table 3.10: Performance comparison of different textual and visual backbones on COCO-
FreeView [387] and COCO-Search18 [78] (TP) datasets. Best results are highlighted in bold.

(z.e., 0.033). These results further validate the effectiveness of our model in
capturing the complex dynamics of task-driven visual behavior across different
search conditions.

QuavrrtaTive Resurrs. Fig. 3.15 shows some qualitative results comparing
ScanDi ff with other competitors in both free-viewing and visual search settings.
These results confirm the effectiveness of our model, also from a qualitative stand-
point, highlighting its ability to generate human-like eye movement trajectories
across diverse scenarios. Additional qualitatives are reported in Section B.2 of the

appendix.

ABLATION STUDIES

To provide insights into the design choices of our model, we conduct a series
of ablation studies examining the impact of different components on scanpath
prediction performance. Tables 3.10 and 3.11 summarize these results across free-
viewing and visual search tasks.

ErrecT oF TEXTUAL AND VisuaL BackBONEs. We first investigate the in-
fluence of textual and visual backbones on model performance. As shown in Ta-
ble 3.10, replacing the CLIP text encoder with RoBERTa [238] leads to a degra-
dation in performance across all metrics on both datasets. This highlights the
importance of vision-language pre-training for scanpath prediction, as CLIP’s

joint embedding space better captures the semantic relationships between textual
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COCO-FreeView COCO-Search18
Lr T MM| SM] SS|] MM| SM| SS| SemSS|

Effect of L Loss Function
X 1000 0.088 0.011 0.009 0.058 0.040 0.018 0.076
ScanDiff v 1000 0.078 0.015 0.013 0.048 0.037 0.019 0.072

Varying Diffusion Timesteps
v 200 0.043 0.072 0.064 0.069 0.040 0.023 0.085
v 500 0.049 0.145 0.085 0.046 0.050 0.030 0.098
v 1500 0.045 0,131 0.122 0.057 0.086 0.061 0.130
ScanDiff v 1000 0.078 0.015 0.013 0.048 0.037 0.019 0.072

Table 3.11: Ablation study on the effect of alignment loss (L7) and diffusion timesteps (7) on
COCO-FreeView [387] and COCO-Search18 [78] (TP) datasets. Best results are highlighted in
bold.

queries and visual features that guide human attention.

For the visual backbone comparison, we test our model with ResNet-50-
FPN [156], CLIP visual encoder (always using the ViT-B version), and DI-
NOv2. The results indicate that while ResNet-50 achieves the best MM aver-
age score on COCO-FreeView, DINOvV2 consistently outperforms other visual
backbones across most metrics, particularly on the more challenging COCO-
Searchl8 dataset. Interestingly, the CLIP visual encoder performs best on the
SemSS metric, suggesting its strength in capturing semantic relationships be-
tween fixations and image regions, likely due to its vision-language pre-training.
ErrecT oF L Loss FUNcTION. We evaluate the contribution of the diffusion
prior alignment loss £7. As shown in Table 3.11, including £7 improves over-
all performance, but the benefits are more pronounced on the COCO-Search18
dataset, where it improves MM, SM and SemSS. This suggests that the conver-
gence loss is particularly valuable for modeling the sequential nature of fixations
in goal-directed visual search tasks, where the temporal order of fixations is more
structured compared to free-viewing scenarios.

VALIDATING DirrusioN TiMEesTEPs. Finally, we investigate the impact of
diffusion timesteps (7) on model performance by varying 7" from 200 to 1500.
Using a number of timesteps 7" = 1000 achieves the best overall balance across

metrics and datasets. While smaller timesteps (e.g., 7 = 200) can achieve better
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COCO-FreeView COCO-Search18 (TP)
Len MM| SM| SS| MM/| SM| SS| SemSS|
w/o cross-attention 16 0.108 0.173 0.111  0.439 1.839 0.862 0.962

32 0.052 0.204 0.113 0.084 0.069 0.030 0.056
24 0.058 0.046 0.029 0.075 0.084 0.044 0.092
ScanDiff 16 0.078 0.015 0.013 0.048 0.037 0.019 0.072

Table 3.12: Ablation study on the effect of cross-attention compared to input concatenation and
on the maximum scanpath length.

MM scores on COCO-FreeView, they underperform on the other spatial metrics.
Similarly, 7= 500 achieves a slightly better MM score on COCO-Searchl18, but
at the cost of poorer performance on other metrics. Increasing 7" beyond 1000
(z.e., T =1500) leads to deteriorated performance across most metrics, likely due
to overfitting to noise patterns. These results highlight the critical role of properly
calibrating the diffusion process: sufficient timesteps are needed to learn complex
distributions, but excessive noise can degrade the ability of the model to capture
meaningful patterns in scanpath data.

ErrFecT OF CROSS-ATTENTION & MAXIMUM SCANPATH LENGTH. Previ-
ous diffusion-based approaches [191, 363] perform the conditioning by directly
concatenating the noisy gaze sequence with the image embedding. On a differ-
ent line, we condition the denoising process through the cross-attention layer.
Results in Table 3.12 demonstrate that the proposed approach allows for a better
semantic alignment between the scanpath and the multimodal features compared
to the rigid concatenation of the input. Additionally, in Table 3.12, we also re-
port an ablation study on the maximum scanpath length. We set this value to 16,
matching the highest median across all datasets used in our experiments and the
value used in [74, 76]. This hyperparameter serves as an upper bound, though

the model can predict variable lengths.

3.2.5 SCANPATH VARIABILITY ANALYSIS

Human visual exploration is inherently variable. Individuals perceive the same

stimulus in different ways depending on factors such as attention, context, and
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COCO-FV  MIT1003 TP TA
DSS 1 RSST DSS{ RSST DSSt RSST DSS?T RSS T

JOR-ROILSTM [80] 0.185 0.428 0264 0.579 -
ChenLSTM [74] 0.174 0.420 0257 0.534 0386 0.635 0.247 0.591

Gazeformer [256] - - - - 0.377 0.578 0.206 0.417
HAT [388] - 0.645 - 0.615 - 0.861 - 0.748
ChenLSTM-ISP [75]  0.190 0.501 0.264 0.619 0.423 0.735 0.268 0.670
GazeXplain [76] 0.099 0.032 0.302 0.674 0.406 0.689 0.283 0.716
TPP-Gaze [102] 0.271 0.732 0.313 0.758 0.284 0.516 0.221 0.663
ScanDiff (Ours) 0.277 0.736 0.354 0.815 0.425 0.747 0.312 0.800

Table 3.13: Analysis of scanpath variability on free-viewing (COCO-FreeView [387] and
MIT1003 [194]) and task oriented datasets (COCO-Searchl8 target-present [78] and target-
absent [389]).

cognitive processes [35, 159]. Capturing such variability is essential for develop-
ing models that accurately reflect the diverse range of human traits. However, ex-
isting scanpath prediction models tend to align closely with the statistical mean
of human gaze behavior. This limitation mainly stems from how the task is for-
mulated. Most approaches treat scanpath prediction as a supervised regression
or sequence prediction problem, minimizing pointwise distances between pre-

dicted and ground-truth fixations.

In practice, this is often implemented with simple regression losses such as
the /; loss or mean squared error (MSE) loss, applied to fixation coordinates,
thus encouraging predictions that approximate the mean of the data distribution.
While this approach may improve performance on traditional evaluation metrics,
it does not reflect the natural variability in human visual attention. Commonly
used metrics such as MM, SM, and SS tend to reward predictions that closely
match an aggregated ground truth, thus favoring models that generate a single
representative scanpath [212]. This is clear in several works [74, 76, 256] where
scanpath models surpass human consistency. Indeed, the average similarity be-
tween ground-truth scanpaths can be smaller than the average similarity between

generated scanpaths if they well reflect an average behavior.

Building upon these considerations, we present a first attempt to quantita-

tively assess the ability of a model to generate diverse, yet human-like, gaze tra-
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jectories. Specifically, for this study, we adopt the DSS and RSS metrics intro-
duced in Section 3.2.4. Table 3.13 reports the results on free-viewing and vi-
sual search. ScanD1 ff achieves the best overall performance on all settings and
datasets, highlighting its effectiveness in predicting accurate eye movement trajec-
tories well aligned with the human scanpath variability. Interestingly, the perfor-
mance gap between ScanD1i ff and state-of-the-art methods becomes even more
evident in the visual search task and is further supported by qualitative results
in the appendix (see Section B.2). Goal-oriented scanpaths tend to be more de-
terministic [66, 396], particularly in the target-present setting, and are generally
shorter than those in free-viewing scenarios. Nevertheless, our model effectively

captures even the more subtle variability present in human gaze behavior.

3.2.6 Di1scussiON AND LIMITATIONS

While ScanDiff demonstrate state-of-the-art performance in human attention
modeling, it still faces some limitations. First, as a diffusion-based generative
model, it incurs higher computational complexity and inference time compared
to more deterministic scanpath prediction approaches, which may limit its suit-
ability for real-time applications. This limitation can be attributed to the use
of a standard DDPM sampling strategy, where iterative denoising steps are re-
quired to generate each scanpath. Note that this aspect is not the primary fo-
cus of the work, which instead emphasizes the modeling of scanpath variability
rather than computational efficiency. Nevertheless, reliance on a basic DDPM
sampling strategy may be suboptimal, and more advanced diffusion acceleration
techniques such asimproved samplers [321], fewer-step generation schemes [243,
304], or distillation-based approaches [322] could significantly reduce inference
cost without compromising generative quality. Second, while ScanDift captures
variability at the population level, it does not explicitly account for individual
differences, as it is not conditioned on user identity. This hinders its ability to re-
produce consistent subject-specific viewing strategies and its applicability to per-
sonalized applications. However, this limitation could be addressed through rel-

atively straightforward extensions such as user embeddings, subject-conditioned
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diffusion mechanisms, or other personalization mechanisms that incorporate ob-
server identity and gaze data. Third, the model operates on discrete scanpath
representations without explicitly modeling continuous gaze trajectories, thereby
omitting fine-grained oculomotor dynamics such as saccadic motion and veloc-
ity profiles. Recent work [408] suggests that jointly modeling discrete scanpaths
and continuous trajectories within a unified diffusion process can improve both
realism and performance, indicating a natural direction for extending the Scan-
Dift framework toward more physiologically realistic gaze modeling. Finally, the
model is sensitive to the quality and diversity of the training data. Since it learns
the underlying distribution of human scanpaths from annotated eye-tracking
datasets, any biases or noise in the training data are directly reflected in the learned
generative process. This can lead to reduced generalization and an overemphasis
on dominant viewing strategies, while underrepresenting rare but meaningful
behavioral patterns.

Despite these limitations, ScanDiff represents an important step forward in
the modeling of human visual attention, contributing to a broader shift in the
field toward probabilistic and diversity-aware approaches. This focus on vari-
ability is increasingly becoming a central aspect of recent research in scanpath
prediction and visual attention modeling, where accounting for inter- and intra-
observer variability is recognized as essential for more realistic and generalizable

models.
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Integration of Human Attention in Al

Models: A Review

UMAN attention modeling has proven, in recent years, to be particu-
larly valuable not only for understanding the cognitive processes un-
derlying visual exploration, but also for providing support to artifi-

cial intelligence models designed to solve complex problems across multiple areas,
bridging cognitive science and advanced computational approaches.

Research in this area has shown a growing interest in leveraging human at-
tention signals, derived either from eye-tracking data or computational attention
models, to address challenges in both established and emerging tasks. An intrigu-
ing development is the integration of human attention principles beyond visual
stimuli. This expansion encompasses tasks ranging from vision-only to those in-
volving text, where attention modeling incorporates text gaze patterns.

The goal of this chapter is to provide a structured overview of recent efforts

to integrate human attention mechanisms into contemporary deep learning ar-

This Chapter discusses topics from the following paper: “G. Cartella et 4/., Trends, Applica-
tions, and Challenges in Human Attention Modelling, [JCAI 2024” [60].
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Input Human Attention
Models I VAT Type Real Task
Wang et al. [362] v Fixation points v Visual Recognition
Min and Corso [253] v Fixation points v Visual Recognition
Qiao etal. [281] a4 Saliency maps v/ Visual Recognition
Bylinskii et al. [S7] v Saliency maps v/ Graphic Design
Fosco etal. [133] v Saliencymaps v/ Graphic Design
Leiva et al. [222] v Saliency maps v/ Graphic Design
Jiang et al. [185] v Saliency maps v/ Image Manipulation
Aberman etal. [1] v Saliency maps Image Manipulation
Miangoleh et al. [252] v Saliency maps Image Manipulation
Yang et al. [383] ‘4 Saliency maps IQA
Zhu et al. [414] v Saliency maps IQA
Sui et al. [330] v Scanpaths IQA
Sugano and Bulling [329] v v/ Fixation points v/ Captioning
Yuetal. [393] v v Saliency maps Captioning
Cornia et al. [90] v v/ Saliency maps Captioning
Qiao etal. [282] v v/ Saliency maps VQA
Sood et al. [325] v v Saliency maps VQA
Ilaslan et al. [171] v v/ Saliencymaps v VQA
Berzak et al. [32] v Fixation points v/ Reading Comprehension
Reich etal. [292] v Scanpaths v Reading Comprehension
Skerath et al. [318] v Fixation points v/ Reading Comprehension
Sood et al. [327] v/ Saliency maps Language Understanding
Khurana et al. [200] v Scanpaths Language Understanding
Dengetal. [111] v Scanpaths Language Understanding

Table 4.1: A summary of representative works incorporating human attention across various tasks.
We outline the adopted modalities (/: Image, V: Video, 4: Audio, T': Text), how human attention
is processed (via saliency maps, full scanpaths, or raw fixation points), and whether the model em-
ploys 7eal human attention data from eye-trackers or predictions from computational models.

chitectures for image, text, and multimodal data. The proposed taxonomy or-

ganizes existing works according to the application type, distinguishing among

image and video processing, vision-and-language tasks, and language modeling.

Additionally, we also emphasize applications in specific domains that present ex-

tensive literature, such as robotics, autonomous driving, and medicine.

Fig. 4.1 depicts some representative examples of how human attention can be

integrated as a supervisory signal across different tasks, while Table 4.1 summa-

88



"UDIPAW PUE ‘BUIALIP SNOWOUOINE $110C01 St [[2m st ‘Furpueasiopun adenFue|
pue ‘Sunamsue uonsanb rensia Guruondes spewoine Gurssasord oapia pue aFewr woiy Suruueds surewWop JSIGAIP UT sy[sEI 2AJ0s 01 pakojdwd udq sey
uonuane [ensia uewny “saniepow indino pue indur ausayrp yam uonuaie [ensia vewny Sunesdour soxmoayore sjdwes Jo MIIAIA0 Uy % danSig

abew| ndu| ouepodwi [ensia

uonuany [9Po

4.0. INTEGRATION OF HUMAN ATTENTION IN AI MODELS: A REVIEW

| 1
1 ( ( uolsinRdNg =—=> !
I 19POW ouajuUag Indu| o S Yini3-punoi 1
g \ obenbue \
1 : ; 1
ss0 1 — ﬁ ‘— 1
eluownaud uonuany y ! sishpeuy Soueviodu) fouaires abew| ndy '
i suopjexi4 1 JusWIURS Tedue — syjeduesg [ensip "
oz mey ' T 4 S THL anepuks -y =P 1
4HD ~ 3 -  eneEEa | !
& | “ uonpaleg //v/l\v/\\ ozen uewny . W 1
jewsoN [ " wsedseg m«d g !
deyy uonuany 1 sysel NN 5 ; S !
yini-punous I
1 _ synding 1
1
uonewou] [ensip 09pIA Indu| lomsuy  suoug uosiuadng ! JonY sJojeg
s uonusy uewnH “ adueping Aousijes
24 ! — H
depy ZUMOUS S| 821Aap ! HQO
uonuaNy 21U0JII9D JRYA UOHSIND dsely + abew|

uonuaNY s JaAlQg

<

UORUSHY PIRIP3Id

yredueog

sinding

19POW
1

uopNnpay Aousles

Jaqwinand In)

Jojelauan

uoipy IAOY papIpald suonexi4 Yyinij-punour)
7 washs 7 ) d % %
Jsuonde) Lo
j0qoy W H - oW
g Q ca & oapip / abew|
123[qQ pauswbag

abuods e sw ssed
syndu|

abew| ndu|

493w Buryred e 03 xau

193241s 9y} ul payJed si
wuonde) inding

ey

sindu|

89



4. INTEGRATION OF HUMAN ATTENTION IN AI MODELS: A REVIEW

rizes the proposed categorization. Specifically, we examine how gaze information,
such as scanpaths or saliency maps, can be incorporated to enhance model perfor-
mance in various settings. For instance, in image and video processing, such inte-
gration leads to better object recognition, scene understanding, and overall visual
comprehension. In the field of vision-and-language applications (e.g. automatic
captioning or visual question answering), incorporating gaze data enhances the
contextual awareness of the models, allowing for a more refined interpretation
of the relationship between visual and textual information. Similarly, the injec-
tion of gaze signals into language modeling contributes to more contextually in-
formed predictions, improving the model’s proficiency in reading comprehen-
sion and language understanding.

To the best of our knowledge, the perspective of the interplay between deep
learning-based applications and visual attention is lacking in most recent reviews
of the field. For an updated and curated overview of ongoing research in this area,
we refer the reader to our dedicated repository®. The following sections explore
approaches benefiting from human attention adoption, offering insights into its

broad applicability.

4.1 IMAGE AND VIDEO PROCESSING

41.1 VisuaL RECOGNITION

Human attention modeling has been successfully adopted in a variety of com-
puter vision tasks such as object detection [131], segmentation [362], and activity
recognition [253]. The recorded human gaze data assists Al models in detecting
salient objects in videos, segmenting videos without supervision, and recogniz-
ing activities in egocentric video sequences. In [281], human visual attention is
employed in a multi-task learning framework for audio-visual saliency predic-
tion and sound source localization, proving that attention is a valuable guide to
pinpoint the origin of sounds in videos. Other notable examples relate to the con-

cept of foveated processing, ze. prioritizing computations around a focal point

*https ://github.com/aimagelab/awesome-human-visual-attention
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4.1. IMAGE AND VIDEO PROCESSING

as in the human visual system. Foveated processing has been recently introduced
as a novel structural component of modern deep learning architectures, deliver-
ing significant inference speed-ups compared to classic convolutional networks
and competitive results on different image and video recognition tasks [343]. In-
terestingly enough, the concept of foveated processing has been applied to other
sub-fields of computer vision, such as volume rendering [29] and image super-

resolution [355].

4.1.2 GrarHIC DESIGN

One compelling application of human attention modeling is related to the auto-
matic evaluation of design choices of websites, data visualizations and infograph-
ics, mobile Uls, or advertisements and posters [57, 184, 222]. Visual attention
allocation in graphic designs can be interpreted as a proxy for the perceived rela-
tive importance of design elements. Being able to effectively and automatically
perform such an assessment paves the way to a spectrum of downstream applica-
tions, including automatic image retargeting and thumbnailing [57] or interac-
tive design [133]. In the context of Mobile User Interfaces, Schoop et al. [310]
proposed a model to predict the perceived tappability of mobile Ul elements. Un-
like natural images, graphic designs try to direct attention using a mixture of cap-
tivating text fonts and animations. Chakraborty et al. [70] defined a two-stage
approach to model the spatio-temporal attention on graphics design documents
during free-viewing. Recent approaches, while keeping the neural architectural
structure of saliency models, are trained to predict importance maps. Adopted
datasets and ground-truth importance maps are collected either via BubbleView

mouse clicks [57] or by manual labeling of important regions [133].

4.1.3 IMAGE ENHANCEMENT AND MANIPULATION

Visual attention allocation models, particularly saliency models, have shown ef-
fectiveness in various tasks aimed at manipulating images to enhance the attrac-
tiveness of specific objects therein. Such tasks, sometimes referred to as atten-

tion retargeting or re-attentionizing, aim at automatically enhancing (or weak-
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ening) some portions of the original stimulus, thus reducing visual distraction
and highlighting the desired object. In [141], this is achieved by training a convo-
lutional neural network to transform images so as to satisfy a given fixation dis-
tribution eventually predicted by a saliency model. Target fixation distribution
is obtained by either increasing or decreasing the saliency of particular objects
or globally scaling the saliency map. Similarly, in [185], the authors proposed a
saliency-guided image translation model, named SalG-GAN, designed for image-
to-image translation based on user-specified saliency maps. SalG-GAN employsa
disentangled representation framework to encourage diverse translations for the
same saliency and introduces a saliency-based attention module to enhance the
key components.

More recently, Aberman et al. [1] proposed a method to reduce distractions in
images by utilizing a saliency model. By inputting an image and a mask specifying
the editing region, the approach employs backpropagation to parameterize a dif-
ferentiable editing operator, diminishing saliency in the edited area. Various op-
erators are defined, encompassing a recoloring operator for seamless integration
of distractors, a warping operator to gradually eliminate objects, and a generative
adversarial network operator to substitute regions with less salient alternatives
using a semantic prior. Similarly, in [252], a realistic saliency-guided image en-
hancement method was proposed to maintain high manipulation realism while
attenuating distractors and amplifying objects of interest. To this end, a realism
loss for saliency-guided image enhancement was designed for training the system

to optimize the saliency of a region while penalizing for deviations from realism.

4.1.4 IMAGE QUALITY ASSESSMENT (IQA)

IQA involves using computational models to measure image quality in alignment
with subjective human evaluations. As significant distortions can impact visual
attention allocation on a given stimulus, saliency and scanpath models have been
adopted to increase the effectiveness of perceptual IQA methods.

In [82], a CNN-based no-reference image quality metric was proposed. Ini-

tially, the image degradation type is identified via a dedicated CNN, and the cor-
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responding saliency map is computed. The latter is employed to choose patches
based on their perceptual relevance. A different CNN model is subsequently em-
ployed to assess the quality of each patch, and the overall quality is determined
by averaging the obtained scores. Similarly, Jia and Zhang [183] used a saliency
map to assign an importance value to a set of patches extracted from the original
image. A CNN model is then applied to the subset of most salient patches to

predict a local quality score; the final quality score is obtained by averaging.

Yang et al. [383] proposed SGDNet, an end-to-end deep neural network for
no-reference IQA. It optimizes visual saliency and image quality prediction by
employing a multi-task learning framework. The authors highlight how this ap-
proach can leverage the correlation between saliency information and image qual-
ity, utilizing saliency maps and quality scores during training. Handling saliency
prediction as a sub-task enhances feature fusion, thus producing more percep-
tually consistent outcomes. Zhu et al. [414] introduced TranSLA, a saliency-
guided Transformer network for no-reference IQA. TranSLA jointly learns to
predict mean opinion scores on a given image and the corresponding saliency
map. The latter is used as the query value of the multi-head self-attention mech-
anism of a Transformer architecture, while the key-value pair is provided by the
input image feature representation from a ResNet-based convolutional network.
Eventually, this forces the model to focus on the most salient regions, employing

a pre-trained saliency model to provide ground-truth saliency maps.

Recent studies have demonstrated that viewing behaviors (z.e. scanpaths) are
useful for perceptual IQA on 360° images and videos, where eventual distortions
are localized in space and time. In [330], a scanpath prediction model on 360°
images is employed to sample a sequence of rectilinear projections of viewports
(z.e. frames) along different generated scanpaths. Quality scores are then com-
puted on each frame. Video-level quality scores are obtained by temporally pool-
ing the frame-level quality scores. The proposed approach shows better perfor-

mance compared to naively applying IQA to equirectangular projections.
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4.2 VISION-AND-LANGUAGE APPLICATIONS

421 AutoMATIC CAPTIONING

Within the domain of vision-and-language, automatic captioning has gained sig-
nificant attention as an effective way of generating natural language descriptions
for both images and videos. Captioning models are designed not only to identify
all pertinent objects and entities within a scene but also to generate coherent and
grammatically correct sentences describing them. While advancements in this
field are promising, some works have explored the possibility of integrating hu-

man gaze information to enhance the generation process of textual descriptions.

The first attempt in this direction was presented by Sugano and Bulling [329],
in which fixation points are used as an additional input to guide the caption gen-
eration of a recurrent-based image captioning model. In particular, they inte-
grated gaze information, represented in the form of fixation histograms, at each
time step of the recurrent neural network, where fixated and non-fixated regions
are combined to produce the output sentence. This approach is limited by the
need to have both eye fixation and caption annotations for the same visual input.
As a solution, Cornia et al. [90] shifted to the use of saliency maps predicted by a
pre-trained visual saliency model instead of employing raw fixation points, thus
being able to apply the proposed approach to any input image and potentially ex-
tend training to any publicly available captioning dataset. Moreover, given that
humans tend to pay attention not only to the salient regions but also to the sur-
rounding context when describing an image, they also proposed to let the model
learn how to weigh the contribution of both salient and contextual visual features

during the generation of the caption.

On asimilar line, other works [393] employed predicted saliency maps in con-
junction with additive attention mechanisms to effectively capture all semantic
cues typically described in a textual sentence. While previous methods take im-
ages as input, Yu et al. [393] proposed to use saliency information directly pre-
dicted inside the model for describing video sequences. He et al. [158], instead,

extracted fixated locations from predicted saliency maps via the winner-take-all
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approach and used them to obtain a set of visual features, each corresponding to
the spatial image region centered on a fixated location, that is given as input to
the language model. Additionally, they introduced a novel dataset for the task
composed of 4,000 images with corresponding eye movements and verbal de-
scriptions recorded synchronously over images. Similar annotations were em-
ployed in the model proposed by Takmaz et al. [333], in which a saliency map
is extracted for each word of the caption, taking advantage of the alignment be-
tween eye fixations and recorded audio traces with image descriptions. This se-
quence of saliency maps is used as an additional input for the captioning model,
using the saliency map corresponding to the word to be predicted at each time
step of the generation. A related research area is personalized image caption-
ing [85, 240, 373], where the aim is to predict a caption given a user context.
However, prior approaches overlook human attention. On this line, Xue et al.
[377] proposed for the first time to incorporate personalized human attention as

an input signal for image captioning.

4.2.2 VisuaL QUESTION ANSWERING (VQA)

In the context of vision-and-language research, there has been a growing empha-
sis on integrating human attention to enhance the performance of VQA mod-
els, which aim to effectively answer questions based on a given image or video
sequence. In this context, Das et al. [107] conducted a preliminary investiga-
tion and introduced the VQA-HAT dataset, comprising image-question pairs
and corresponding attention maps collected through a mouse-based procedure.
Their evaluation of attention maps from state-of-the-art VQA models against
human attention revealed a discrepancy between machine-generated and human
attention, highlighting the need for enhanced attention mechanisms. A subse-
quent work [282] employed the VQA-HAT dataset to address the scarcity of
gaze-based data in VQA. Specifically, this study proposed a network capable of
generating human-like attention maps, which are employed to enhance attention-
based VQA models with human-like attention supervision, resulting in signif-

icant improvements. Chen et al. [71] continued in this direction by leveraging
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human attention to promote reasoning behavior in a VQA model and collected
an eye-tracking dataset to enhance the understanding of human attention dur-
ing the visual reasoning process. In a different vein, Sood et al. [326] presented
the VQA-MHUG dataset, focusing on multimodal human gaze on both images
and questions in VQA. Their analysis revealed a significant correlation between
human attention on text and VQA performance across various models, under-
scoring the importance of text attention in understanding visual scenes. Sub-
sequent research [325] adopted this dataset and proposed a VQA model that
integrates human-like attention on both image and text during training, show-
ing competitive performance against previous methods. While all the aforemen-
tioned approaches were designed to work on images, Ilaslan et al. [171] shifted
towards video question answering and introduced a task-oriented VQA scenario
for collaborative tasks. Their contribution involved the creation of a dataset with
human gaze data collected for first-person view videos and the introduction of
a novel approach for task-specific question answering, emphasizing the impor-

tance of gaze information in understanding user intent during collaborative tasks.

43 LANGUAGE MODELLING

4.3.1 MacHINE READING COMPREHENSION

Advancements in machine reading comprehension, particularly in predicting na-
tive language from gaze patterns, have been a focal point in recent natural lan-
guage processing research. Berzak et al. [32] introduced an innovative methodol-
ogy for studying cross-linguistic influence by analyzing eye movement patterns
in second-language reading. The proposed framework demonstrated the predic-
tive power of gaze fixations, revealing a systematic influence of native language
properties on reading in a second language. Building on this, Skerath et al. [318]
conducted a study to validate the identification of native language from gaze
records. By utilizing a new corpus with a larger set of native languages, they re-
inforced the robustness of the approach, showcasing comparable classification

performance with reduced data. Reich et al. [292], instead, designed the first
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LSTM-based model capable of inferring reading comprehension, text difficulty,
and the reader’s native language from scanpaths in reading. Their model, which
incorporates lexical, semantic, and linguistic features, treats eye movements as an
independent variable, highlighting the potential to infer reader properties com-

prehensively.

4.3.2 NATURAL LANGUAGE UNDERSTANDING

The integration of human attention into natural language understanding tasks
has recently emerged as a promising avenue for improving the performance of
various models. In this context, the work by Sood et al. [327] stood out for
adopting human gaze information into neural attention mechanisms for natural
language processing tasks. Faced with data scarcity challenges, the authors pro-
posed a novel hybrid text saliency model, combining a cognitive model of reading
behavior with human gaze supervision. The proposed model was further inte-
grated into an attention layer, demonstrating substantial performance gains in
paraphrase generation and sentence compression tasks.

Khuranaetal. [200] contributed to this field with the introduction of a model
capable of generating scanpaths from existing eye-tracking corpora. The gener-
ated scanpaths proved beneficial for various tasks, such as sentiment classification,
paraphrase detection, and sarcasm detection. Following this direction, Deng et al.
[111] leveraged synthetic gaze data and developed a model that combined scan-
path generation with a BERT-based language model, eliminating the need for
human gaze data. The proposed approach outperforms the underlying language
model in multiple tasks, especially in low-resource settings, showcasing the po-
tential of synthetic eye-gaze data.

On a different line, Ren and Xiong [293] tackled the problem of shortcut
learning in large language models and proposed a framework that incorporates
human attention to encourage LLM-based task-specific models to focus on rele-
vant features. This human attention-guided approach eftectively identified short-
cut tokens and improved the robustness of LLM-based models, even on out-of-

distribution samples.
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4.4 DOMAIN-SPECIFIC APPLICATIONS

441 RoBOTICS

Human-robot interaction has witnessed a paradigm shift towards the integration
of socially intelligent robots into various facets of human life. When it comes to
patients with motor disabilities, assistive robotics makes a fundamental contri-
bution to daily tasks, making the surrounding environment more inclusive. In
this context, the human gaze represents a fundamental nonverbal communica-
tion channel used to convey our intentions, goals, or preferences, while oftering
a natural and non-invasive human-machine interface. Robot assistance can be
enabled by individuals directing their gaze towards a specific target they wish to
grasp or manipulate. As emphasized in [280], such an approach allows humans
to convey their object-referring intentions without ambiguity.

In the specific domain of collaborative robotics, effective interaction and mu-
tual understanding between humans and robots are essential for the successful
accomplishment of a given task. In early teleoperation applications, robots were
controlled through joystick input signals. However, this control mode poses in-
herent complexities and demands substantial human expertise. Furthermore, joy-
stick inputs constrain the capacity to anticipate user intentions by conveying only
incremental instructions, thus limiting the system’s awareness of the ultimate
goal. In response to these limitations, researchers have embarked on the develop-
ment of shared control systems able to accommodate eye-gaze input modalities,

thereby diverging from the exclusive reliance on joystick signals [12—14].

Another fundamental area of robotics is learning from demonstrations. It
refers to the process of a robot acquiring knowledge through the imitation of
an expert. Saran et al. [306] characterized the gaze patterns of human instruc-
tors during task demonstrations and observed a tendency among users to disre-
gard task-irrelevant objects. Their work proved that integrating gaze information
with inverse reinforcement learning enhances the robot’s ability to learn reward
structures. Huang et al. [168] attempted to model robot gaze as a feedback sig-

nal intended to communicate with humans and enhance the efficacy of human
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instructions and the overall quality of the learning process.

Beyond human-robot interaction, gaze has also been integrated into robotics
computational models not directly involving humans. An interesting example
is aerial robotics, which has recently benefited from the modeling of human vi-
sual attention [105]. The problem has been extended to multiple discontinu-
ous images, and recent studies exploited both spatial [84] and temporal informa-

tion [167] for saliency prediction.

4.4.2 AuTtoNOMOUS DRIVING

Developing intelligent agents able to perceive the environment and au-
tonomously perform actions is a primary objective of Al research. In this context,
the design of autonomous vehicles is one of the most striking examples. The
human visual attention system is unique in this respect. Human beings have
the innate ability to rapidly discern the most relevant stimuli, filter out unnec-
essary information, and, while driving, promptly recognize and preempt poten-
tial risks. Transferring these inherent human abilities onto autonomous vehicles
constitutes a non-trivial challenge that has attracted the interest of the research
community.

Palazzi et al. [268] pioneered a significant endeavor in the field by introduc-
ing one of the earliest attempts, in the deep learning era, to model driver’s atten-
tion. With this aim, they presented the first publicly available dataset, named
DR (eye) VE, which features in-car recordings under different traffic and weather
conditions, as well as varied landscapes. Accurately modeling the behavior of au-
tonomous agents in critical circumstances, such as collisions and accidents, rep-
resents a major concern for the safety and security of passengers. Nonetheless,
collisions are quite rare, and the in-car protocol delineated in [268] makes the
modeling of such events nearly impossible due to the scarcity of data.

As a consequence, Xia et al. [371] and Baee et al. [22] presented an in-lab
data gathering protocol to simulate accident-prone scenarios, involving collisions,
near-collisions, and braking events. These efforts resulted in the creation of the

BDD-A and EyeCar datasets, respectively. The model proposed in [371] demon-
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strated generalization to real-world scenarios, even when trained on in-lab data
only. Baee etal. [22] presented a model based on an inverse reinforcement learn-
ing schema that predicts an attention policy treating each fixation point as a po-
tential source of reward. An additional distinguishing feature of the human vi-
sual system is peripheral vision. It denotes the capacity to focus our attention on
one object while concurrently attending to another. Pal et al. [267] took into
consideration this particular capability and introduced a gaze detection model
augmented by the semantics of the scene, comprising the most relevant objects
to the driving task, as well as distances and speed. Classical driver’s attention pre-
diction models typically predict saliency, neglecting long-term cumulative infor-
mation, such as a driver acquiring experience over time. To this aim, Chen et al.
[77] integrated a feedback loop mechanism within a CNN-Transformer-based
architecture. The feedback loop module gets the output from the decoder and

iteratively generates incremental knowledge.

4.43 MEDICINE

In recent years, the advancement of sophisticated deep-learning techniques has
contributed to the field of medical image analysis, consequently leading to the
success of computer-aided diagnosis techniques. Conventional methodologies
usually employ convolutional or Transformer-based architectures to learn the tex-
tural pattern of diseases and the spatial relationships among image patches.
Medical images exhibit intricate anatomical structures. This poses challenges
for a deep network, uniquely based on its inner representations, to precisely cap-
ture diagnostically relevant regions. Moreover, conventional models lack the re-
quired domain knowledge to correctly diagnose a disease in a more interpretable
manner, while avoiding spurious correlations [245]. In the medical field, practi-
tioners often rely on visual information, and the outcome of a diagnosis is closely
linked to the observation and interpretation of a medical image. Here, human
gaze emerges as a natural way to capture visual attention during the diagnosis
process and motivates recent research towards the implementation of human

attention-augmented architectures for the healthcare domain. Advancements
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in this direction have been facilitated by the introduction of medical datasets
that incorporate eye-gaze data obtained from human experts during the diagnos-
tic process. Karargyris et al. [198] released a dataset of medical images equipped
with raw gaze annotations provided by radiologists, complemented by bounding
boxes marking the discriminative areas. The authors highlighted the significance
of acquiring fine-grained data extending beyond basic labels representing disease
classes. Indeed, more detailed annotations lead to better localization capabilities,
thereby enhancing interpretability, an essential requirement for high-risk appli-

cations.

Building upon this contribution, several models trained on gaze medical data
have been developed. From an architectural point of view, two principal research
directions can be identified. The first entails the conversion of raw gaze data into
a visual attention map, employing it as a source of supervision to enhance the
alignment of model attention with human attention. Bhattacharya et al. [33]
proposed a teacher-student framework in conjunction with a visual attention
loss, guiding the student attention towards regions identified by the attention
map generated by the teacher, that was trained on the ground-truth visual search
patterns. Concurrently, Wang et al. [358] defined an attention-consistency mod-
ule, suppressing inter-observer variability. The second line of research, instead,
is based on a two-stream architecture. The input image and the related attention
map are typically processed separately before being concatenated to predict the
final output. In particular, Ma et al. [245] proposed a gaze-guided Vision Trans-
former that receives image patches as input, appropriately masked to exclude ir-

relevant regions for the diagnosis.

In contrast to the previously outlined research directions, Wang et al. [354]
proposed for the first time to directly embed raw gaze data into a graph neural
network for X-ray classification. This architecture avoids the adoption of visual

attention maps as commonly defined in more classical models.
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4. INTEGRATION OF HUMAN ATTENTION IN AI MODELS: A REVIEW

4.5 FroMm Gaze-GUIDED Al To GAZE-GUIDED UNDER-

STANDING

The literature reviewed in this chapter demonstrates that gaze information can
support Al systems across a wide range of tasks, including image and video pro-
cessing, vision-language learning, language understanding, medicine, robotics
and autonomous driving. Despite the diversity of applications, a common princi-
ple emerges: gaze provides access to information about human attentional prior-
ities that is often unavailable from the primary input modality alone (e.g. image,
video, or text). As a consequence, gaze can serve not only as a supervisory signal
for improving machine performance, but also as a proxy for the perceptual, cog-
nitive, and behavioral processes underlying human decision making. The taxon-
omy presented in this chapter can be naturally extended to three complementary
research directions. First, gaze can guide machine perception by highlighting re-
gions that humans consider informative for a visual task. Second, gaze can be
analyzed directly to characterize cognitive and behavioral processes, particularly
in clinical and developmental settings. Third, gaze can be used to study human
interaction with complex visual and cultural environments, providing insights
that extend beyond conventional computer vision benchmarks. These directions

motivate the contributions presented in the following chapter.
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Gaze-Guided Learning for Vision and
Behavioral Understanding

UMAN gaze and eye movements provide a rich, real-time window into
visual attention, offering insights that span perceptual, cognitive,
and behavioral processes. Over the past decade, the integration of

gaze information into computational models has proven valuable not only for
advancing our understanding of visual attention but also for informing down-
stream applications that leverage human perceptual strategies.

In this chapter, we explore a series of contributions that harness gaze and eye
tracking data to address diverse and societally relevant tasks, ranging from media

integrity and clinical assessment to cultural heritage and environmental attention

This Chapter discusses topics from the following papers: “G. Cartella ez a/., Unveiling the
Truth: Exploring Human Gaze Patterns in Fake Images, IEEE SPL 2024” [61], “G. Cartella ez
al., Pixels of Faith: Exploiting Visual Saliency to Detect Religious Image Manipulation, ECCV
Workshops 2024” [62], “G. Cartella e 4l., Unravelling Neurodivergent Gaze Behaviour through
Visual Attention Causal Graphs, ICIAP 2025” [65], and “G. Cartella ef 4/., Sanctuaria-Gaze: A
Multimodal Egocentric Dataset for Human Attention Analysis in Religious Sites, ACM JOCCH
20257 [63].
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analysis. The first contribution concerns the use of gaze patterns to support me-
dia authenticity and manipulation detection, a visual analysis task that extends
the image and video processing category reviewed in the previous chapter.

As generative models increasingly produce highly realistic synthetic imagery,
traditional detection methods face growing challenges. Section 5.1 presents our
contribution on fake image perception. Our research provides empirical evi-
dence of distinctive viewing behaviors that differentiate real from altered content,
offering a human-centric perspective on deepfake detection that complements
algorithmic approaches (see Section 5.1.2). Following this research line, in Sec-
tion 5.1.3, we further investigate how human visual saliency can be incorporated
into machine learning frameworks to improve detection of religious image ma-
nipulation, aligning model attention with perceptually relevant image regions
and emphasizing the preservation of culturally significant content.

Beyond media forensics, the second contribution focuses on neurodevelop-
mental disorders and relates to the medical and cognitive applications of gaze,
with implications in healthcare and behavioral science. In this case, gaze is no
longer used to improve machine perception but is itself the primary object of
analysis, serving as a behavioral biomarker capable of revealing underlying cog-
nitive mechanisms. In Section 5.2, we present a study on neurodivergent visual
attention. In particular, we model the causal mechanisms underlying gaze allo-
cation in individuals with and without developmental conditions. This work
highlights the potential of gaze-based modeling to support objective assessment
in neurodevelopmental research.

Finally, understanding how individuals allocate attention in real-world envi-
ronments requires large, ecologically valid datasets. To this end, the last section
of this chapter introduces Sanctuaria-Gaze, a multimodal egocentric dataset col-
lected from visits to architecturally and culturally significant religious sites. Cap-
tured with wearable devices that synchronize video, gaze coordinates, head mo-
tion, and spatial data, this dataset enables detailed analysis of attention allocation
in dynamic, real-life contexts, and it opens new avenues for interdisciplinary re-
search in human behavior and environmental interaction. Together, these con-

tributions span three distinct yet interconnected roles of gaze: perceptual guid-
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ance, cognitive characterization, and environmental interaction. They provide a
practical validation of the broader framework introduced in the previous chapter
while illustrating the versatility of gaze-guided learning across more specialized

domains.

S.1 GAzE PATTERNS AS CUES FOR DEEPFAKE DETEC-

TION

Creating high-quality and realistic content is now possible thanks to impressive
advances in generative artificial intelligence. A description in natural language of

your desired output is all you need to obtain breathtaking results.

In recent years, the spread of generative models has significantly transformed
various aspects of everyday activities. Generative models are adopted at a steady
pace for realistic content creation [199, 290, 300, 303], including images [161,
298, 300], text [58], and audio [206] and to enhance the perception of visual
quality[151, 390]. Such accessibility fosters innovation and increases production

in fields such as design, entertainment, and education.

Such advancements are the direct consequence of the development of new
deep learning architectures based on diffusion models [115, 161, 261, 298, 320,
321], which have marked a new era in the field of generative modeling. In ad-
dition, the training of increasingly large deep networks can be empowered by
the availability of a massive volume of synthetic data. However, the widespread
adoption of generative models also introduces significant challenges regarding
the propagation of misinformation and malicious content. The ability of these
systems to synthesize highly convincing yet entirely fabricated images, videos, and
audio clips has raised concerns about their potential misuse. Synthetic media can
be exploited to manipulate public opinion, interfere with political processes, and
distort narratives on social media platforms. These risks highlight the need for

models capable of distinguishing genuine content from synthetic data.
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5.1.1 BACKGROUND ON DEEPFAKE DETECTION AND THE ROLE OF
HuMmaN GAZE

The field of deepfake detection has seen significant advancements in recent years,
primarily driven by the continuous evolution of generative techniques [93, 182,
263, 359, 370]. Early efforts in this area focused on detecting GAN-generated
content [299, 356, 384]. As image generation methods have evolved to include
diffusion models [278, 298], detection techniques expanded accordingly. Most
of the computer vision literature focuses on the recognition of fake images and
videos, with a particular emphasis on face manipulation [229, 299, 409]. How-
ever, recent trends have emerged that extend the recognition to natural images
(z.e. landscapes, urban scenes, etc.) [9, 27, 129, 241]. This adaptation marked a
significant shift, demonstrating the need for versatile detection methods capable

of handling various generation techniques.

Typically, state-of-the-art techniques ground the detection of fake samples on
the analysis of the generative models’ feature space. Various studies [94, 136]
demonstrated that images stemming from different generative models present
discernible fingerprints left behind by the model during the generation process.
Another approach [364] focused on the discrepancies between input images
and their reconstructions produced by pre-trained diffusion models. Wang et al.
[359] showed that by adopting a proper post-processing and data augmentation
pipeline, it is possible to generalize across different GAN-based models. How-
ever, the introduction of diffusion models shed light on a major challenge, high-
lighting how generalization across different families of generative models is still
an open research problem [94, 263]. To increase the robustness of deepfake de-
tection methods to unseen generators, recent strategies have tackled the deepfake
detection problem by leveraging CLIP [285] to extract visual features for the
task [9, 86, 95, 263, 313]. These approaches emphasize the visual patterns iden-
tified by the CLIP backbone rather than its semantic text-image alignment prop-
erties. Only a few attempts have been made to include human visual attention in
the deepfake detection task. Guptaetal. [152] collected FakeET, an eye-tracking

dataset collected from 40 participants to investigate human visual perception of
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deepfake videos. Their findings reveal that attention patterns in fake videos tend
to be more concentrated, whereas real videos elicit a more distributed viewing be-
havior. In the real case, observers allocate attention not only to the facial region
but also to surrounding contextual areas. Boyd et al. [48] proposed a training
strategy to address the task by incorporating human visual annotations into aloss
function. The acquisition of the training set required subjects to manually anno-
tate regions in the presented images, while providing an answer on which image
is either the synthetic or real one, in a two-alternative forced choice manner.
Different from previous research, we tackle deepfake detection by relying on
training data directly collected from an eye-tracking experiment and present a
novel solution to detect partially manipulated religious images, a domain not pre-

viously explored in the literature.

5.1.2 HuMAaN VisuaL PERCEPTION OF MANIPULATED IMAGES

From a semantic perspective, as assisted in the field of face manipulation, modifi-
cations can be carried out starting from real images and altering only portions of
them in order to obtain a result that preserves the original context, making fake
detection an increasingly challenging task. Drawing inspiration from the visual
attention literature [135, 271, 275], we bring humans into the loop, aiming to ex-
ploit their semantic knowledge and generalization skills acquired through evolu-
tion and further developed in a lifelong learning process. This study investigates
the possibility of including human visual attention as a source of supervision in
deepfake detection frameworks. In particular, we seek an answer to the following

research question:

Does an underlying attentive pattern exist governing the human visual percep-

tion when looking at partially manipulated images compared to genuine ones?

We posit the existence of such a disparity and, to validate this hypothesis, we
begin by collecting authentic samples from various existing datasets. For each
image under investigation, we produce three distinct altered variants by imple-
menting as many editing methodologies based on state-of-the-art diffusion mod-

els [53,298]. To assess human visual perception of authentic samples versus their

107



S. GAZE-GUIDED LEARNING FOR VISION AND BEHAVIORAL UNDERSTANDING

Edited Image Saliency Map

Real Image Saliency Map

|
|
I
|
|
I
|
|
I
|
|
I
I
|
.
I
|
|
I
|
|
I
I
|
|
I
|
I
I
|

Figure 5.1: Overview of the human gaze patterns when observing real and altered images. Inter-
estingly, humans tend to focus on more circumscribed areas when looking at counterfeit samples.
Light-blue masks of edited images represent inpainted regions.

counterfeit equivalents, an eye-tracking experiment is further devised. During
this experiment, a sequence of images is presented to the participants, and their
ocular movements are recorded as they attempt to distinguish real from fake sam-
ples. The collected dataset, including gaze recordings, is publicly released™. A sta-
tistical analysis of the collected fixations reveals significant disparities in the view-
ing patterns that occur when looking at genuine and fake images. In particular,
when analyzing the entropy distribution of the acquired saliency maps, we find
that fake images elicit high fixation concentrations in specific regions, resulting
in lower entropy values when compared to their original counterpart ( Fig. 5.1).
As a result, we draw the conclusion that humans tend to direct their attention to
more delimited areas when perceiving manipulated images. We believe our pre-
liminary results open up further research towards the integration of human gaze

information within automatic fake detection pipelines.

*https ://github.com/aimagelab/unveiling-the-truth
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PrROPOSED APPROACH

Given a set of real and fake images, our goal is to conduct a statistical analysis to
investigate the existence of an underlying pattern governing the visual perception
of partially manipulated images, enabling further studies on how the human gaze
could improve existing fake detection models. With this aim, and due to the lack
of an existing dataset in the literature, we collect images from different sources
encompassing a variety of scenes, ranging from indoor to outdoor environments.
DATASET COLLECTION. We define a set of stimuli that covers scenes and en-
vironments of varying degrees of complexity. In our dataset, three distinct cat-
egories can be identified: indoor, outdoor urban, and outdoor natural. The first
two categories feature a plethora of intricate details, a wide set of objects, and a
rich diversity of color contrasts. On the opposite, the outdoor natural category
is characterized by a lower amount of salient objects, scarce occurrences of high-
frequency details, and a prevalence of more uniform color palettes. Such diversity
strongly influences how people perceive images [247, 264], thus guaranteeing ap-
propriate data heterogeneity.

Images are extracted from three publicly available datasets, namely
COCO [232], ADE20K [413], and LHQ [319]. Since text, faces, and ani-
mals are known to be very salient [67, 68, 194], we filter out all the images
including these three classes to avoid any possible bias, following recent litera-
ture [387]. In the filtering process, we also discard low-resolution images for all
datasets, keeping those with a minimum size of 640 X 480 (or 480 x 640).
ImMaGE Ep1TING TECHNIQUES. In contrast to prior literature on deepfake de-
tection, which has been focusing on recognizing entirely generated images [9, 94,
263], we concentrate on manipulating images in a subtle manner, preserving the
realism, semantics, and context of the original image, thus making the deepfake
detection task even more challenging. To this end, three different types of inter-

vention are implemented (see Fig. 5.2).

* SEMANTIC-AGNOSTIC (SA). Given a real source image 7, we desire to create
its fake counterpart /. This task can be formally classified as an inpainting prob-

lem where the inpainting region is defined as a binary mask A1, constructed by
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Figure 5.2: Image editing examples where the white masks represent the inpainting regions.

randomly masking half of the image /. Inspired by [2], for each sample, we ran-
domly inpaint one among the following parts: bottom, upper, left, right, up-
per left diagonal, upper right diagonal, bottom left diagonal, bottom right di-
agonal, or random patches (until we cover at least 50% of the image). Asan in-
painting model, we adopt the Stable Diffusion v2.0 inpainting pipeline’ [298]
which we refer to as f3. To enhance the final output and avoid the generation
of undesired objects, we make use of negative prompts /N. In our experiments,
we qualitatively find that having no guiding caption ¢ as input leads to more

realistic outputs. Formally, the complete inpainting process can be defined as

I=f(I, M,c=0,N).

* SEMANTIC-AWARE (SW). Although semantic-agnostic manipulation leads
to realistic results, there is no control over the generated output. As a different
image editing technique, we propose semantic-aware inpainting, where objects

present in the scene are substituted with others of the same class (e.¢g. replace

Thttps ://huggingface.co/stabilityai/stable-diffusion-2-inpainting
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a bed with another bed). This choice is driven by the intent to preserve the
context and semantics of the scene, and ensure that the generated object well
fits the given inpainting mask. With respect to the previous manipulation cat-
egory, edits affect smaller areas and are more challenging to discern. To de-
fine the inpainting region, we start from the image segmentation maps of the
images. COCO and ADE20K already provide a segmentation mask for each
object O; and the corresponding textual class label y, while for LHQ, we con-
struct the needed information by making use of the RAM-Grounded-SAM
model* [203, 406]. We designate as an inpainting region of the real image 7,
the binary mask Mo+« corresponding to a randomly chosen object O* among
those with an occupancy between 10% and 40% of the total image area. The
generation process is performed in the same manner as the semantic-agnostic,
but to guarantee context preservation, the guiding caption ¢ for the Stable Dif-
fusion model is the textual class label y of the selected object. Negative prompts

N are maintained the same. Overall, we obtain I = f3(I, Mo+, ¢ = y, N).

INSTRUCTION-GUIDED (IG). Recently, the field of generative artificial intel-
ligence has witnessed the emergence of innovative generative methods, with
instruction-guided image editing standing out as a prominent research direc-
tion [53, 405]. In our context, we adopt the InstructPix2Pix model® [53], able
to follow a given editing instruction in natural language to produce the manip-
ulated version of the given sample. In our problem, we feed InstructPix2Pix,
referred to as gy, with the source input 7, and the following editing instruc-
tion ¢: replace {y} with a similar one. Specifically, y represents the
textual class label of an object selected by following the same procedure of the
semantic-aware editing technique. In our implementation, we use a fine-tuned
version of InstructPix2Pix [399], which has been shown to produce better im-

ages according to human evaluation. The final synthesized image is defined as

j:gﬁ(]v ().

ihttps ://github.com/IDEA-Research/Grounded-Segment-Anything
9h‘c‘cps ://huggingface.co/vinesmsuic/magicbrush-jul”7
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Eve-TRACKING EXPERIMENT. Acquiring eye-tracking data is crucial to un-
derstanding the patterns governing the way humans look at real and fake stimuli.
With this aim, we set up an eye-tracking experiment involving 20 participants.
Each person sits in front of a screen with a resolution of 1920 x 1080 pixels,
equipped with a screen-based eye tracker, at a distance of 68 cm. The screen size
is 54 cm x 30.3 cm. To accommodate the inherent variability in the perceptual
process of different people, we ensure that the image is viewed by five different
observers. Each stimulus is shown for S seconds, and the user is instructed to
carefully observe the presented image while assessing its authenticity. Following
this time-lapse, the stimulus is replaced with a rating screen where the user is re-
quired to evaluate the realism by selecting a numerical value on a 5-point Likert
scale. The lower end denotes a greater level of confidence in the image’s artificial
nature, whereas the upper range suggests a strong belief in the image’s authentic-
ity. Before presenting the next stimulus, a gray screen featuring a small black cross
at the center is exhibited for one second, aimed at engaging the user’s attention.
To ensure high-quality acquisition, we calibrate the eye-tracker at the beginning
of each user session.

Overall, the experiment is based on a total of 400 stimuli, comprising 100
unique genuine samples, uniformly distributed between the three datasets and
their respective edited counterparts. For each observer, we randomly select 100
images and, to avoid any bias, we ensure that at most one instance of the same
image is shown (z.e. if an observer is presented a semantic-agnostic edited image,

then no other versions of the same image appear to the same participant).

EXPERIMENTAL ANALYSIS

We conduct an in-depth statistical analysis of the recorded fixations to assess the
evidence of a distinguishable pattern in the gaze behavior of individuals when
viewing genuine versus counterfeit images. Overall, the analysis is performed on
2,000 recorded human scanpaths.

HuMAN ANNOTATIONS. In the first part of the investigation, we examine how
users’ ratings are distributed across the images. Fig. 5.3a depicts the histogram

of the users’ realism perception. In general, the observers are able to distinguish
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Figure 5.3: Statistical analysis. (a) Histogram of the ratings of realism given by the users in the eye-
tracking experiment. (b) Kernel density estimation of the saliency maps’ entropy across viewers.

the real nature of most of the images. A considerable number of fake images are
given a low rating (ze. 1 or 2), and the majority of genuine samples are correctly
identified. Nonetheless, some real images are classified as altered or possibly al-
tered (7.e. ratings 1, 2, or 3). Such results can be ascribed to the bias introduced
by the requested task or the nature of the image itself (¢.¢. a badly taken picture
or out-of-context objects). On the same line, occurrences of improperly catego-
rized edited images (7.¢. ratings 4 or 5) are observable, meaning that the adopted
generative models, in several cases, synthesize highly realistic content. As a final
consideration, we point out that the instruction-guided category is the easiest
to detect for humans, while the opposite holds for semantic-aware editing, lead-
ing to the most realistic outputs. The explanation behind such a result is that
the generation through InstructPix2Pix is much more challenging. Indeed, ref-
erence inpainting masks are absent, and our constructed textual prompt does not
heavily constrain the generation process. As a consequence, such methodology
is more prone to the creation of artifacts or out-of-context details. On the con-
trary, semantic-aware editing represents a more constrained type of intervention,
with limited inpainting areas and a textual caption that guides the generation of

a specific object that surely fits the context by construction.

SALIENCY ENTROPY. Another important analysis is the one regarding the eye-

gaze pattern, enabling the study of the perceptual response of individuals to stim-

113



S. GAZE-GUIDED LEARNING FOR VISION AND BEHAVIORAL UNDERSTANDING

uli of different natures. As a first step, we adopt the velocity-threshold fixation
identification algorithm proposed in [305] to distinguish between fixations and
saccades. The algorithm computes point-to-point velocities and classifies each
raw point as fixation or saccade based on a simple velocity threshold.

To evaluate the consistency of human fixations over an image, we measure the
entropy of the saliency maps across all the observers. Given a sample image and
its recorded fixations, a ground truth saliency map is obtained by convolving a
fovea-sized Gaussian kernel over all the fixations locations.

Empirical distributions of the saliency maps’ entropy for each of the four con-
sidered categories are reported in Fig. 5.3b. In a qualitative assessment, a sig-
nificant distinction is noticeable between the distributions of real and fake data.
Simultaneously, there is evident similarity among the outcomes of the three im-
age editing techniques employed. Particularly, there is a higher population of
edited images in correspondence of lower entropy values, while saliency maps of
genuine samples exhibit higher entropy.

Our findings bring to light an interesting outcome. While looking at altered
images, humans tend to explore less when compared to genuine samples. We
attribute this behavior to the inclination of individuals to focus more on spe-
cific details when encountering unfamiliar content within the image, in order
to enhance their comprehension of the surrounding context. If we consider the
proposed task, observers tend to rapidly shift their gaze from one location to an-
other if they do not perceive anything unfamiliar, thus leading to higher degrees
of disorders of the saliency maps. Sample saliency maps for both original and
corresponding edited images are shown in Fig. 5.1.

StaTIsSTICAL ANALYSIS. Given the real and fake entropy distributions, we fur-
ther evaluate the results from a quantitative perspective. Specifically, we conduct
the two-sample Kolmogorov-Smirnov (K-S) test in order to reveal a possible sta-
tistical difference between what is observed with the original images versus all
the possible edits. Indeed, this is a non-parametric statistical test that evaluates
whether the two sets of data come from the same population. A larger statistic
value indicates greater dissimilarity between the distributions. The K-S test is

sensitive to differences in the tails of the distributions, making it a good choice to
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K-S Test C-M Test MWU Test
Category  Statistic ~ p Statistic ~ p Statistic
SA 0.154 <.001 2.068 <.001 144409 <.001
o SwW 0.106 .007 0.759 .009 136013 .016
IG 0.166 <.001 2.807 <.001 148184 <.001
SA SW 0.074  .129 0.387  .078 116543  .064
IG 0.054  .460 0.127 468 127714 552
SW IG 0.086  .050 0.690  .013 136541  .011

Table 5.1: Statistical tests’ results to evaluate the difference between entropy distributions across
categories. K-S, C-M and MWU refer to Kolgomorov-Smirnov, Cramér-von Mises and Mann
Whitney U tests, respectively. Bolded results refer to significant p-values (# = 0.05) and higher
statistics.

detect even minor discrepancies across the entire range. We corroborate the out-
comes of the K-S test by employing the two-sample Cramer-von Mises (C-M)
test. This test, akin to the K-S test, quantifies the divergence between the cumu-
lative distribution functions (CDFs) of the two datasets. However, it does not
solely concentrate on the maximum difference but instead considers the entirety
of the CDF. It computes a test statistic that measures the overall discordance be-
tween the distributions, assigning more weight to disparities in the middle of the
distributions, rendering it suitable for detecting variances in the central portion

of the data.

Finally, evidence of the validity of our findings is obtained through the Mann-
Whitney U (MWU) test, to assess the null hypothesis that two samples have the
same central tendency. In other words, this test is well-suited for comparing two
independent samples when our aim is to establish whether one group typically
exhibits greater values than the other. Table 5.1 presents all the statistical results,
including both the test statistic and its associated p-value. In our analysis, if a p-
value obtained from a test falls below the significance value = 0.05, itindicates
that the observed differences between the two datasets are statistically significant.
More specifically, there is strong evidence to reject the null hypothesis and con-
clude that the two sets of data are different in a meaningful way. On the other

hand, if the p-value is greater than «, it suggests that the observed differences are
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not statistically significant, and we do not have sufficient evidence to reject the
null hypothesis. Comparing the entropy distribution of original images against
semantic-agnostic, semantic-aware, and instruction-guided editing, the p-value
is below the threshold in all cases and for all tests. As a consequence, we reject
the null hypothesis that there is no significant difference between the distribu-
tions, highlighting that, in terms of entropy, there exists a distinguishable pat-
tern in the perception of real and fake stimuli. By considering the difference be-
tween semantic-aware, semantic-agnostic, and instruction-guided editing classes,
the null hypothesis is confirmed, meaning that these distributions can be assimi-
lated into the same population of counterfeit images. The only exception stands
between the semantic-aware and instruction-guided classes, where for both C-M
and MWU tests a statistical difference exists. We argue that the primary reason
lies in the output generation quality. As previously discussed, instruction-guided
editing is the most easily detectable category as fake, while the opposite holds for
the semantic-aware class. However, we are mainly interested in distinguishing
between the real and all editing classes. In this case, the statistical difference be-

tween original and semantic-aware or between original and instruction-guided

still holds.

5.1.3 VISUAL SALIENCY TO DETECT RELIGIOUS IMAGE MANIPULA-
TION

In the context of religious studies, the problem of fake content generation is par-
ticularly relevant. Indeed, religious images have been and still are of great signifi-
cance to billions of people worldwide. The history of faith communities that do
not apply aniconic prohibitions shows that religious imagery and iconography
have played a fundamental role in the dissemination and transmission of faith, de-
votion, and knowledge about sacred texts, but also had polemic and propaganda
purposes in intra- and inter-religious dynamics. In medieval and modern times,
images have been modified mainly with the aim of reproducing sacred images to
adapt them to different geographical and cultural contexts or to ameliorate the

subjects. In the cases when images have been used in overtly propagandist ways,
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supporting one identity, culture, religious, or political party over another, ma-

nipulation of the elements obviously opted for pejorative or ridiculing elements.

More recently, the adoption of images in a digital format and the spread of
AT changed the way images are manipulated and their effects: deepfakes make
it much more difficult to distinguish real images from those created by Al, and
they are spread at unprecedented speed, with chances to “go viral” on a global
scale in a short time. Such a change has also affected Christian imagery: numer-
ous devotional images produced by Al algorithms have caused controversy as they
depict physical defects. These examples have alarmed believers and various Chris-
tian Churches around the world because the images, while apparently suitable for
private devotion, exhibit subtle traits of blasphemy. Moving from such specific
cases, it has been demonstrated that deepfakes, created ad hoc, generate conflicts
with high social costs and have an impact at social, religious, and political levels
that cannot be ignored. This is particularly relevant when deepfakes are improp-
erly used for targeting specific groups or individuals based on their race, gender,
or religion [30]. This form of discrimination conveys prejudices that heighten

existing social tensions and further reinforce harmful stereotypes.

To counterbalance these trends and work on accurate historical and cultural
knowledge, interdisciplinary teams of scholars can develop control systems based
on robust methods for automatic fake recognition. However, the discrepancy
between human and algorithmic deepfake detection capabilities presents an in-
triguing challenge in this field. As revealed in [207], state-of-the-art algorithms
often struggle to detect deepfake videos that human observers find obviously fake.
This counterintuitive finding suggests that current models may not be capturing
the same visual cues that humans instinctively recognize as indicators of manip-
ulation. Several factors could contribute to this phenomenon: (i) humans may
rely on subtle contextual or semantic cues that AI models are not attuned to; (ii)
algorithms might overfit to specific artifacts rather than learning generalizable
features; and (iii) there could be a mismatch between fake images used to train al-
gorithms and those shown to human participants. Moreover, human perception
can be influenced by expectations, context, and cognitive biases, while algorithms

apply their detection criteria more consistently [246]. This discrepancy reveals
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gaps in our understanding of both human and machine perception of deepfakes,
highlighting the need for further research to bridge this gap.

The principle of incorporating human supervision can be particularly ben-
eficial in tasks where subtle visual cues are crucial, such as in the detection of
deepfakes. Following this direction, recent studies have started the integration of
human visual attention into deepfake detection models. Korshunov and Marcel
[207] highlighted the discrepancies between human and algorithmic detection
capabilities, suggesting that models could benefit from mimicking human per-
ceptual strategies.

Our study, presented in the previous section, has demonstrated that humans
are particularly susceptible to the alteration of images. There exists a difference
in the human observational pattern when observing at real or fake images.

The application of human attention and saliency models in detecting partially
manipulated religious images is still underexplored. In fact, religious images hold
significant cultural and emotional value, making the detection of alterations crit-
ical to preserving the integrity of the cultural heritage. Following the research
direction of our previous study, in this section, we present a first attempt to ex-
ploit the potential of human visual attention for the automatic detection of par-
tially manipulated images, with a specific focus on the field of religious studies.
By analyzing where humans focus their attention when identifying deepfakes, we
create human-derived saliency maps that highlight the most perceptually relevant
regions for deepfake detection. In this context, saliency maps can highlight areas
that might have been manipulated, as these regions often exhibit subtle inconsis-
tencies that draw attention. By incorporating this visual attention information
into visual backbones, we aim to guide the feature extraction process toward ar-
eas that are more likely to show signs of manipulation. This human-in-the-loop
approach is shown to enhance the performance of deepfake detection systems, es-
pecially on images that are visually obvious to human observers but challenging
for current algorithms.

To sum up, the main contributions of this research work are as follows:

¢ We exploit human attention and visual saliency for the task of deepfake

detection on partially manipulated images.
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¢ We introduce a new testing dataset specifically designed to address the dis-
tinctive challenges posed by religious images and, more broadly, partially
modified ones ( Fig. 5.5).

* Our experiments show how the integration of visual attention into the
training process of a model for the deepfake detection task contributes pos-
itively to its performance. Moreover, we show that even in the presence
of a small amount of data recorded by eye-trackers, they are of value and
beneficial compared to the exclusive use of generated data from saliency

models.

PrROPOSED APPROACH

The main goal of our study is to assess, from an objective standpoint, the po-
tential benefits of incorporating visual attention information into the design of
models for the automatic identification of manipulated images.

Starting with the basic formulation, let ¥ = {x1, ..., xn} beaset of Ninput
imagesand Y = {y, ..., yn} their corresponding labels, where y; € {0,1} in-
dicates whether the 7-th image is genuine (0) or manipulated (1). The model em-
ploys a visual backbone to extract features, denoted by the function f3(+ ), where ¢
represents the learnable parameters. The feature vector extracted from the back-
bone for image x; is given by z; = f3(x;). A classifier g,(-) with parameters @
is then applied to these features, producing a probability distribution over the
two classes: p; = g,(2;). The model is therefore trained to minimize the binary

cross-entropy loss:

N
1
Lycr =~ > [ilogp:+ (1 — y;) log(1 — p2)], (5.1)
=1

where p; represents the predicted probability of the 7-th image being manipulated.
The parameters & of the visual backbone and ¢ of the classification head are op-
timized jointly using stochastic gradient descent to minimize the binary cross-
entropy loss over the training dataset.

Inspired by [48], we incorporate human generalization capabilities with in-
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Figure 5.4: Visualization of mean squared error between saliency map (S;) and Class Activation
Map (C;) for a manipulated image x;.

sights from visual attention models within the aforementioned framework. In
particular, given an image x;, we aim to focus on specific regions that are likely
to be informative for the classification task. This information can be represented
as an empirical fixation density S7, obtained by convolving the fixation locations
of all the observers on x; by an isotropic bidimensional Gaussian function, or
via an ideal saliency model, defined as S = M (x;), where M(-) is a function
that maps an input image to a saliency map based on low-level visual features and
higher-order statistics. To leverage this information, we compute Class Activa-
tion Maps (CAMs) [412] for each image, denoted as C; = hy(z;), where by (-) is
the CAM generation function with parameters ¢. The model is therefore trained

to minimize a combined loss function:
L = ALpcr + (1= A)Lsu, (5.2)

where Lg,; is the saliency loss that measures the discrepancy between the saliency

map and the CAM. Formally, this is defined as follows:

N
1
L. = N ; D(S;, Cy), (5.3)

where D(+, -) is a distance function (e.g. mean squared error or KL divergence) be-
tween S; € {7, 57} and the CAM C; related to the image x;, while 2 € [0,1] is
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an hyperparameter that balances the two loss components. To provide a graphical
representation of the distance function, we report in Fig. 5.4 the mean squared
error obtained from a generic manipulated image x,. Here S; refers to the saliency
map while C; is the 7 X 7 pixels feature map obtained from one of the last layers
of a CNN. Minimizing Eq. (5.2) encourages the model to learn features that ef-
fectively distinguish between real and fake images (through the classification loss
L pcr) while focusing on image regions that are likely to be informative for the

classification task, guided by the saliency map and the CAM similarity term.

(a) Original Images (b) Segmentation Masks (¢) Manipulated Images

Figure 5.5: Qualitative examples of our proposed dataset comprising original religious images
and corresponding manipulated versions using segmentation masks to preserve religious figures.
From top to bottom and from left to right: Marian apparition of Banneux (Belgium), Marian
apparition of Fatima (Portugal), Marian apparition of Guadalupe (Mexico), Marian apparition of
Lourdes (France).

TESTING DATASET

DATASET CONSTRUCTION. To evaluate the effectiveness of the proposed ap-
proach, we introduce a novel testing dataset specifically designed to address the
distinctive challenges posed by religious images and, more broadly, partially mod-
ified ones. Our proposed dataset is composed of images representing the iconog-

raphy attested within Marian devotion and the phenomena of Marian appari-
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tions over the centuries, which could be used in the study of devotional phenom-
ena and the perception of religious images in the contemporary age. In particular,
we collect 50 images of Marian apparitions related to 12 different religious repre-
sentations. Examples of the collected images are depicted in Fig. 5.5a. Our objec-
tive is to define a manipulation process that exclusively focuses on the context of
the religious representation. Indeed, the partial modification of the original im-
age, coupled with the use of a conservative mask, precludes the introduction of
awkward elements or distortions on the sacred figure, thus making the detection
task particularly challenging also from a semantic standpoint.

In detail, given an image x;, we extract the segmentation mask s; (see Fig. 5.5b)
pertaining to the individuals depicted in the scene through the SAM model [203].
In the editing phase, we employ the inpainting pipeline of the Stable Diffusion
XL model (SDXL [278])! to generate manipulated images. This process takes
as input the original image x;, a segmentation mask representing the inpainting
regions (7.e. in our case the inverse of s; since we want to preserve the religious fig-
ures), and a textual prompt #; which guides the regeneration of the image context
while keeping the main subjects unchanged. Specifically, #; is randomly sampled
from a template of possible prompts that we manually devise for the scope. Ex-
amples of t; are: “Peaceful orchard with fruit-laden trees and buzzing bees”, “Tran-
quil garden with blooming flowers and greenery”. Each of the 50 original images
is linked to six distinct contextual modifications, resulting in a total of 350 exam-
ples (Fig. 5.5¢).

Daraser ANaLysis. Considering the manipulation pipeline previously de-
scribed, we aim to understand the variation in the focus of attention between a
real image and its altered counterpart. We demonstrate that the difference in the
attentive pattern across the images of our constructed dataset is of considerable
importance. By utilizing TempSAL [20], a state-of-the-art saliency predictor, we
generate saliency maps for both real and altered images to simulate human visual
attention. The qualitative analysis presented in Fig. 5.6 provides evidence of a dis-
cernible attentive pattern across the two image categories. Compared to the real

samples, the generation of the surrounding context through a diffusion-based

Shttps://hugg'i ngface.co/diffusers/stable-diffusion-x1-1.0-1inpainting-0.1
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Figure 5.7: Comparison of saliency map entropy distributions between original and manipulated
images.

model causes a significant shift towards the inpainted regions.

To quantify this observed difterence in attention distribution, we employ en-
tropy as a measure of dispersion for our saliency maps. Entropy, in this context,
provides an indication of how focused or dispersed the attention of the model is
across the image. A lower entropy value suggests that the attention of the model
is concentrated on specific regions, while a higher entropy indicates a more uni-
form distribution of attention across the image. Given a saliency map S of size

m X n, we first normalize it to form a probability distribution:

RN ()

x=1

where P(7, 7) represents the normalized saliency value at position (7, /). The en-

tropy H of the saliency map is then calculated as:
H==3 3 Pi,j)log, Pi.j). (5.5)
i=1 j=1

This formulation yields entropy values in bits. A saliency map with perfectly
uniform attention would have a maximum entropy of log, (7#), while a map

with all attention focused on a single pixel would have a minimum entropy of 0.
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As a consequence of the attention shift towards inpainted regions in synthetic
images, the entropy of the corresponding saliency maps presents higher values,
as indicated in Fig. 5.7, where the empirical distributions of the saliency entropy
values are compared to the real case. This higher entropy in synthetic images sug-
gests a more dispersed attention pattern, likely due to the model detecting incon-
sistencies or artifacts introduced by the inpainting process across a wider area of
the image. In contrast, the lower entropy observed in real images indicates more
focused attention, possibly on natural salient features of the original, unaltered
image, such as the faces of the people featured. This quantitative entropy analy-
sis corroborates our qualitative observations, providing a numerical basis for the
difference in attention patterns between real and synthetic images. It emphasizes
the potential of entropy as a discriminative feature in distinguishing between orig-
inal and manipulated images, offering insights into the spatial characteristics of

model attention.

EXPERIMENTAL SETTING

DAtasETs. As previously described, the training procedure entails the calcula-
tion of a saliency loss, which employs images and associated saliency maps rep-
resentative of the region of attention. Consequently, a dataset comprising both
types of data, collected in the context of partially modified images, is essential for
effective learning. The Unveiling the Truth (UTruth) dataset presented in [61]
represents the only collection of both real and manipulated images paired with
visual attention data obtained through eye-tracking. The dataset consists of 400
images: 100 authentic and 300 partially modified using diffusion models. The
modifications were carefully executed to preserve the realism, semantics, and con-
text of the original images. During an eye-tracking experiment, each image was
viewed by five distinct subjects, resulting in a saliency map that combines all the
recorded fixations for every image in the dataset. To achieve a balanced ratio be-
tween real and manipulated images, we supplement this initial set with 200 au-
thentic images and their corresponding saliency maps from CAT2000 [45], a
widely-used saliency dataset that features images from different categories.

However, the limited number of available images resulting from the oner-
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ous process of data acquisition using an eye-tracker led us to integrate into the
training dataset 2, 000 images collected in D3 [27], a comprehensive dataset de-
signed for large-scale deepfake detection. D? includes 9.2 million generated im-
ages created using four state-of-the-art diffusion model generators and their orig-
inal counterpart. In particular, we randomly selected 1, 000 original samples and
1,000 corresponding generated versions among all the images with at least 400
pixels on each side. Given that images from D? do not include human fixations,
we equip them with computational saliency maps obtained from TempSAL [20],
a recent saliency prediction model that can well simulate human attention.
ARCHITECTURE & TRAINING DETAILS. Our approach utilizes a ResNet-50
architecture [157] as the visual backbone, pre-trained on ImageNet-1k [110]. We
modify the final fully connected layer to output two classes, corresponding to
“real” and “manipulated” images. The model is trained using stochastic gradient
descent with a momentum of 0.9 and weight decay of 1 x 10~¢. We employ astep
learning rate scheduler, initially setting the learning rate to 0.005 and reducing
it by a factor of 0.1 every 12 epochs. The training process spans S0 epochs with a
batch size of 32. As described in Eq. (5.2), our loss function is a weighted combi-
nation of two components: binary cross-entropy loss for classification £pcr and
mean squared error as saliency loss Lg,; prediction. The best combination of the
two loss components is obtained with 4 = 0.9.

To visualize the focus of the model, we implement Class Activation Mapping

(CAM) [412] by extracting features from the final convolutional layer of ResNet-
50. The CAM is computed by weighting these features with the correspond-
ing class weights from the final fully connected layer. This allows us to generate
heatmaps highlighting the regions most influential in the model decision-making
process. All input images are resized to 224 x 224.
EvaLuaTioN MeTRICs. Our evaluation methodology is tailored to address the
significant imbalance in our testing dataset, which comprises 50 original images
and 400 fake images. This 1:8 ratio necessitates a careful selection of evaluation
metrics that are robust to class imbalance.

We prioritize Average Precision (AP) as our primary metric. AP provides a

single-value summary of the precision-recall curve, offering a concise yet com-
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AP AUC-PR Precision Recall AUC-ROC

Grag2021 [148] 8781 87.69  100.00  0.25 51.68
Wiang2020 [359] (Blur+JPEG 0.5)  90.44 9038  100.00  0.25 56.78
Wang2020 [359] (Blur+JPEG 0.1) 9228 9225  100.00 050  61.66

DIRE [364] (LSUN/ADM) 8583 8565  75.00 3.00  43.14
DIRE [364] (LSUN/PNDM) 87.79 8794  89.04 9550  47.15
Ours w/o Ly 92.97  92.95 9279 4825 6213
Ours w/ Ly 95.35 9534 9476 6325  72.93

Table 5.2: Accuracy results on our testing dataset comparing our solution with state-of-the-art
deepfake detection methods. Precision and recall are not in bold as they are not individually signif-
icant in the case of an unbalanced dataset. Ours w/o Lg,; means our approach with 1 = 1, while
Ours w/ Ls,; means our approach with 4 = 0.9 which represents our best configuration.

prehensive measure of model performance. It is particularly informative in our
imbalanced scenario, as it emphasizes the model ability to detect the minority
class (z.e. original images) without being influenced by the majority class (7.¢. ma-
nipulated images). Complementing AP, we utilize the Area Under the Precision-
Recall Curve (AUC-PR) that offers a more detailed view of the precision-recall
trade-off across different thresholds. Given the prevalence of manipulated images
in our dataset, Precision becomes a critical metric. It quantifies the proportion
of correct fake detections among all images classified as fake, thereby measuring
our model ability to avoid false alarms. This is particularly important given the
potential real-world implications of misclassifying original images as fake. Com-
plementing Precision, we also consider Recall (or sensitivity). Recall indicates
the proportion of actual fake images successfully identified by our model. With
the large number of fake images in our dataset, a high recall ensures that we detect

a significant portion of the manipulated content.

Lastly, we include the Area Under the Receiver Operating Characteristic
Curve (AUC-ROC) for completeness. While AUC-ROC is a popular metric
that measures the model discriminative ability across various classification thresh-
olds, we interpret it cautiously in our context. AUC-ROC can potentially overes-
timate performance on imbalanced datasets like ours, as it is less sensitive to class

imbalance compared to precision-recall based metrics.
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Figure 5.8: Performance comparison of image manipulation detection methods on our testing
dataset. We report the Precision-Recall curve (left) and ROC curve (right). The dashed line indi-
cates the performance of a random classifier.

COMPARISON WITH STANDARD DEEPFAKE DETECTORS

We evaluate our model in detecting real and fake images on our proposed testing
dataset. In particular, we compare our model against state-of-the-art approaches,
namely the model proposed by Gragnaniello ez 4/. (Grag2021) [148], the one in-
troduced by Wang ez a/. (Wang2020) [359], and the DIRE architecture [364].
The results for deepfake detection are reported in Table 5.2 and plotted in Fig. 5.8.
Our fake detection approach surpasses state-of-the-art detectors across all key
metrics, including AP, AUC-PR, and AUC-ROC. Although the considered ap-
proaches achieve higher absolute precision or recall values, it should be noted that
in the context of an imbalanced dataset, precision and recall individually may not
provide a comprehensive evaluation. In addition to these results, in Table 5.2 we
also report a comparison of our model with and without the saliency loss (cf.
Eq. (5.2)). It is clear that augmenting training with saliency maps representing
the human focus of attention leads to better performance. Saliency maps rep-
resent a guide for the detector that, during training, learns to adjust its internal
attention representation towards regions that are the most discriminative for the

real-fake classification, thus mimicking human behavior.
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ABLATION STUDIES

ANALYZING THE IMPACT OF THE TRAINING SET. In the previous section,
we demonstrated the efficacy of our method in detecting manipulated images
depicting religious representations. The integration of saliency within the fake
detection pipeline proved to be fundamental. In this section, we conduct an ab-
lation study to shed light on the contributions of human attention in contrast
to the attention maps generated by a predictive model. In Table 5.3, we compare
different training strategies considering three combinations of training sets. The
first row refers to a setting where we employ 300 real and 300 fake images from
the UTruth dataset presented in [61] and CAT2000 ez a/. [45], along with their
corresponding human saliency maps. In the second case, we train our model on
1, 000 real and 1, 000 fake images derived from D? [27]. Although trainingon D?
achieves superior performance, the approach based entirely on human attention
remains competitive. We attribute this performance gap to the difterent sizes of
the two training sets. Indeed, focusing on the latter training setting in the table,
where the dataset includes a combination of real and generated saliency maps, the
performance gain is maximized. Such results prove that the integration of human

attention is beneficial for the detection of partially manipulated images.

GENERALIZATION ACROSS DIFFERENT BAckBONES. We conduct extensive
experiments across various visual backbones to evaluate the robustness of the
proposed method. In detail, we report in Table 5.4 the results for four back-
bones, each trained with (1 = 0.9) and without (1 = 1) the incorporation
of saliency maps. In addition to reporting the performance of ResNet-50, we
consider ResNet-18 [157], DenseNet-201 [165], and a Vision Transformer-based
backbone [117] like Swin-Tiny [239]. ResNet-50 leads to the best results accord-
ing to all evaluation metrics. Most importantly, the adoption of the saliency loss
leads to better detection performance across all the key metrics, regardless of the
backbone employed, thus further demonstrating the effectiveness of human at-

tention for the deepfake detection task.

ANALYZING THE IMPACT OF THE | PARAMETER. Fig. 5.9 illustrates the im-

pact of varying the lambda parameter from Eq. (5.2) on the accuracy of detect-
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Figure 5.9: Impact of the lambda parameter on image classification accuracy. The optimal balance
between real and manipulated image detection is achieved at 2 = 0.9, demonstrating the benefit
of combining classification and saliency losses.

Human Saliency Computed Saliency
UTruth [61] CAT2000 [45] D3 [27] AP AUC-PR Precision Recall AUC-ROC
v v - 89.97  89.93 89.72  96.00 56.06
- - v 93.57 9355 94.40  29.50 64.31
v v v 95.35 95.34 9476 63.25 72.93

Table 5.3: Performance comparison of different training set strategies.

ing real and manipulated images, as well as the balanced accuracy between the
two. Here, we consider the best configuration of our approach obtained with
a ResNet-50 backbone. As lambda increases from 0.01 to 1.0 (representing less
weight given to the saliency loss), we observe that the accuracy for real images
steadily increases, reaching a peak around 4 = 0.9. The accuracy for manipu-
lated images sharply decreases, especially for A values above 0.7. The balanced
accuracy shows a gradual improvement up to A = 0.9, after which it declines
with A = 1.0 which corresponds to a training without the saliency loss.

The performance in detecting manipulated images drops significantly as
lambda increases, indicating that reducing the influence of the saliency loss nega-
tively impacts the model ability to identify manipulated content. This indicates

the importance of combining both class loss and saliency loss for optimal perfor-
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5.2. UNRAVELING NEURODIVERGENT GAZE BEHAVIOR THROUGH VISUAL
ATTENTION CAUSAL GRAPHS

L AP AUC-PR Precision Recall AUC-ROC

ResNet 18 X 9129 9126 9200 3450  57.67
este /9175 9172 9032 5600  58.00

X 9297 9295 9279 4825 6213
ResNet-50 /9535 9534 9476 6325  72.93

X 9235 9233 9160 5725  61.96
DenseNet201 g 17 9506 9800 2450 7173
SwinTin X 9054 9050  89.81 3525  54.86
W Y /9240 9238 9426 2875  57.94

Table 5.4: Performance comparison of various visual backbone architectures.

mance. The balanced accuracy peaks at 1 = 0.9, suggesting this is the optimal
value for balancing the detection of both real and manipulated images. Beyond
this point, corresponding to a global loss entirely based on the classification loss,

the overall performance degrades.

5.2 UNRAVELING NEURODIVERGENT GAZE BEHAVIOR

THROUGH VISUAL ATTENTION CAUSAL GRAPHS

Decades of research on the nature of eye movements and visual attention have
shaped the interplay between the determinism and randomness of where our eyes
alight in the visual scene. This interplay arises from bottom-up cues (salient fea-
tures due to stark contrasts of luminance, color, and motion, e.g. [176]) that
harmonize with the deliberate direction of top-down influences [88, 113, 176].
The demands of our current pursuits, our accumulated knowledge, and the ex-
pectation of what might lie ahead form attention. Attention goes beyond simple
reaction and becomes a sophisticated reflection of our inner world [113, 311, 397].
Under the assumption of perception as hypothesis testing, eye movements can be
considered as experiments, in which data are gathered to test (counterfactual) hy-
potheses or beliefs about how those data are caused [137, 142].

Specifically, the idea that attention allocation follows a causal structure sug-
gests that top-down attention control may be represented as a form of high-level

causal reasoning that guides the observer’s attentive dynamics towards specific
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items. Eventually, the sequence of fixations chosen to sample the scene may
be influenced by underlying cognitive factors such as semantic relatedness [61],
task relevance, social meaning [39], and individual cognitive characteristics [309].
Indeed, humans possess sophisticated mechanisms that enable reasoning about
cause and effect in both abstract and formal terms [272]. Recent research has
demonstrated how these mechanisms, particularly counterfactual reasoning, can
be revealed by an observer’s gaze behavior [142]. This causal influence likely re-
flects a dynamic interaction between perceptual inputs and the observer’s inter-
nal state, suggesting that visual behavior can serve as an indirect window into

higher-level cognitive functioning.

This perspective may have profound implications for developmental and clin-
ical research. Autism Spectrum Disorder (ASD) is a complex disorder character-
ized by dysfunctions of between- and within-networks functional connectivity
involving the somatomotor, visual, salience, and default mode networks (DMN)
[360]. The DMN critically modulates the theory of mind (ToM), social inter-
action, and emotions. Individuals with ASD exhibit atypical patterns of visual
attention that are often characterized by diminished attention to socially salient
stimuli, such as faces or eye regions [274, 307], though variations might occur as
a function of the social context in which stimuli are embedded. Traditional met-
rics of gaze behavior, such as total fixation duration or number of fixations on
regions of interest, even when complemented by sophisticated statistical analyses
(e.g., [172]), provide valuable descriptive information but fail to capture the un-
derlying causal structure of attentional deployment (see Section 5.2.1). Instead,
modeling gaze as a phenomenon governed by causal relationships potentially al-
lows for a deeper understanding of how attention is orchestrated moment-to-
moment, and how this differs between groups of individuals.

The goal of this thesis is to verify whether the causal structure governing the
dynamics of attention allocation on natural scenes (images) has the potential to
differentiate subjects with Autism Spectrum Disorder (ASD) from typically de-
veloping (TD) controls. Although itis largely agreed that eye tracking offers mea-
surable variables that are promising in the study of neurodevelopmental disorders

[138, 349] and could serve as biomarkers for early diagnosis, monitoring, and fur-
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ther care interventions [138], the very causal nature of gaze unfolding is substan-
tially unexplored in this field.

More specifically, by means of a state-of-the-art causal discovery method from
time series data [301], we estimate the directed acyclic graphs (DAGs) describ-
ing the causal mechanisms of attention allocation from eye-tracking data (Sec-
tion 5.2.2). Crucially, these causal graphs capture not only the statistical patterns
of gaze transitions on specific regions of interest but also infer the directional
causal influence that fixating on a given item has on another, shedding light on
the hierarchical structure of attentional control. We hypothesize that individuals
with ASD exhibit distinct causal structures of gaze deployment, reflecting alter-
ations in how cognitive factors modulate attention. Section 5.2.6 reports and
discusses results achieved on a publicly available dataset.

To the best of our knowledge, this is the first study to investigate the diagnos-
tic potential of causal modeling of gaze behavior to discover the cognitive pheno-

types of autism spectrum disorder.

5.2.1 BACKGROUND ON GAZE MODELING FOR NEURODEVELOP-
MENTAL DISORDERS

Modeling gaze behavior has become an important area of study in computer vi-
sion and cognitive science [60], particularly for understanding attention mecha-
nisms and supporting diagnostic applications in neurodevelopmental disorders.

Gaze behavior has proven especially valuable in the context of ASD detection
and ASD/ADHD comorbidity [172]. Some studies have developed frameworks
that utilize multi-modal behavioral data, including eye-tracking, to distinguish
ASD from TD [73, 188, 236]. Others have proposed models capable of simulat-
ing the dynamic gaze behavior (scanpaths) of neurodivergent individuals [75].
Additionally, multi-level saliency models have been introduced to capture dis-
tinct attentional patterns in ASD, such as a central fixation bias and reduced at-
tention to faces and socially relevant cues [357]. The Saliency4ASD Grand Chal-
lenge further advanced this field by providing datasets and tools to support the de-

velopment of visual attention models tailored to ASD characteristics [153]. From
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a biometric perspective, eye movements have been modeled using stochastic pro-
cesses rooted in foraging theory, yielding personalized behavioral signatures for
identification [121]. Other studies have analyzed gaze in social contexts, linking it
to personality traits using probabilistic models [98]. Similarly, sequence models
trained on eye movement data have shown success in ADHD detection, empha-
sizing the importance of dynamic gaze features and task design [112]. Recent so-
lutions have started to employ high-level graph representations to model human
attention by means of eye-tracking data. One recent approach is the Attention
Graph [382], which encodes saliency and semantic-driven scanpaths in a graph-
based structure to capture common gaze behaviors across individuals. In a dif-
ferent vein, GazeGraph introduced a flexible and generalizable framework that
combines spatial-temporal gaze graphs with deep learning and meta-learning for
rapid adaptation and robust context recognition [218].

While such representations enhance both interpretability and udility in tasks
such as ASD screening and age classification [382], their modeling approach
is limited to quantifying statistical associations, without accounting for higher-
level causal drivers of attention allocation. Recent research has shown that coun-
terfactual simulation during gaze tasks plays a significant role in causal reasoning
[142], supporting the development of causal frameworks for attention model-
ing. This work takes a first step in that direction by proposing Visual Attention
Causal Graphs, aiming to integrate attention modeling and causal reasoning for

a deeper understanding of gaze behavior.

5.2.2 ProPOSED METHOD

An overview of our approach is summarized in Fig. 5.10. A causal graph is es-
timated, which describes the mechanisms governing the dynamics of attention
allocation towards semantically relevant zzems within a scene. The goal is to val-
idate the assumption that such graphs, referred to as Visual Attention Causal
Graphs (VA-CG), effectively capture the observer’s top-down attention alloca-
tion process and provide insights into their behavioral cues. Specifically, we aim

to quantify their ability to assess high-level cognitive functioning, with a focus
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Figure 5.10: The proposed method at a glance. Semantically relevant items are automatically
extracted from the input image using a segmentation model. Visual Attention Causal Graphs
(VA-CGs) are then generated as templates for the ASD (blue) and TD (red) observer groups. A
VA-CG is also constructed for the new observer (green). Finally, the new observer is classified as
either ASD or TD by minimizing the Jaccard distance between their VA-CG and the template VA-

CGs.

on quantitative screening for autism spectrum disorder (ASD). The approach is

divided into three phases:

1. Construction of Aggregated Item-Level Attention Allocation Traces: The vi-

sual attention behavior of a group of subjects is represented as a multivari-

ate time-series that describes the aggregated group-level attention toward

each semantically relevant item inside the scene.

2. Estimation of the Visual Attention Causal Graph (VA-CG): The causal

mechanism of attention allocation dynamics is reformulated as a multi-

variate time-series causal discovery problem. The state-of-the-art PCMCI

causal discovery method [301] is applied to estimate the associated causal

graph.

3. ASD vs. TD Classification via the Obtained VA-CG Representations: The

final phase involves using the VA-CG representations to classify subjects as
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either exhibiting traits of autism spectrum disorder (ASD) or as typically
developing (TD).

5.2.3 AGGREGATED ITEM-LEVEL ATTENTION ALLOCATION
TRACES

The first step of the proposed approach implies the construction of the multi-
variate time series that describes the aggregated group-level attention toward se-
mantically relevant items. Consider a stimulus ; (image), observed by a group of
S subjects with their eye movements tracked in real-time.

A segmentation approach is adopted to define semantically relevant items
within an image, where each item corresponds to a distinct region or object [244].
For each time instant, we quantify the visual attention allocated to each item by
counting the number of fixations directed towards it by the subjects.

This procedure generates a multivariate time series, where each time series cor-
responds to an individual item, describing the aggregated attention allocation
across multiple subjects over time. The resulting data, shown in Fig. 5.11, cap-
tures the group-level temporal dynamics of visual attention at the item level, pro-
viding insight into how attention is distributed across different regions of the

image as it is processed by the viewers.

5.2.4 VisuaL ATTENTION CaAUsaL GrarHs (VA-CG)

To estimate the causal graph from the obtained aggregated item-level attention al-
location traces, we employ the PCMCI causal discovery method [301]. PCMCI
(Peter—Clark Momentary Conditional Independence) is a method designed to
uncover causal relationships within multivariate time series data. By analyzing
the temporal dependencies among variables, PCMCl infers causal structures that
can be compactly represented using Directed Acyclic Graphs (DAGs). As with
any causal discovery framework, PCMCI relies on a set of foundational assump-
tions. These include the causal Markov condition and the faithfulness assump-
tion [328], as well as specific conditions tailored to time series: causal stationarity

(the assumption that causal relationships remain constant over time), the absence
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of instantaneous (contemporaneous) causal links, and causal sufficiency - mean-
ing that all causally relevant variables are observed and included in the model
[301]. In this study, we apply PCMCI to the aggregated semantic-level attention
allocation traces described above. Specifically, for each time series x;(z), corre-
sponding to the amount of attention allocated to a given item at time £, PCMCI
employs Conditional Independence (CI) testing to detect causal dependencies.
Causal links between traces x;(¢) and ;(#) are determined by evaluating their con-
ditional independence (_L) with respect to a set of potentially mediating variables
V4 (t):
5(6) L 5(0) | 2(0)

where z(z) encompasses other variables that may influence the interaction be-
tween ;(¢) and x;(¢). The application of PCMCI requires the specification of

several key hyperparameters:

* Conditional Independence Test: The choice of CI test is critical, with avail-
able options including Partial Correlation (ParCorr), its robust variant (r-
ParCorr), as well as discrete-variable tests such as the G-squared test. Selec-
tion depends on the nature of the data, its distributional properties, and

sample size.

e Time Lag Range (Timin, Tmax): Defines the minimum and maximum tem-
poral delays over which causal relationships are assessed. Larger lag win-
dows facilitate the discovery of long-range dependencies, but at the cost

of increased computational complexity.

* Significance Threshold (a): Specifies the alpha level for the CI tests, serving

to filter out statistically insignificant or spurious causal links.

By analyzing directed, time-lagged dependencies among the attention traces,
PCMCI constructs a causal graph that reflects the structure of attention flow
across the items in a scene. We refer to such graphs as Visual Attention Causal
Graphs (VA-CG). Time-unrolled versions of VA-CGs, estimated on the same im-
age for both TD and ASD groups, are shown in Fig. 5.12.
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Figure 5.12: Time unrolled VA-CGs estimated on the same sample image from the TD (a) and
ASD (b) groups, providing a causal representation of visual attention dynamics across semanti-
cally segmented regions. Each node represents a region of interest (e.g., RO-R103) at successive
time steps (t—5 to t). Directed edges indicate causal transitions of attention between regions, with
edge color denoting the causal strength as estimated by the Momentary Conditional Independence
(MCI) test. The TD-group displays more consistent, linear patterns of attention allocation, while
the ASD-group exhibits more complex and diverse transitions, indicating group-level differences
in visual attention behavior.

5.2.5 ASD DeTEcTION viA VA-CGS

For each image ; in the dataset, available subjects are used to build the Aggre-
gated Item-Level Attention Allocation Traces for both the ASD and TD groups.
These traces are then used to construct the VA-CGs for the ASD (G]ASD ) and
TD (GjTD ) groups. These graphs serve as templates for classifying a new subject’s
(5) scanpath on the j-th image by computing its visual attention causal graph G;
using the procedure described in Section 5.2.2.

The assignment of the s-th subject’s eye tracking data to one of the groups is
determined by calculating the Jaccard distance between the ASD and TD VA-
CGs and the new subject’s causal graph:
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groip; = 8 ge{gli)r,lTD} a (Gf’ Gf) '

Specifically, given a threshold 8 € (0,«), that sets the minimum causal
strength, the set of links (edges) considered in the graph G; with N nodes is de-
fined as:

Ej ={(m,n,7) | Pppnr<B N |Tmnz| >0}

where T € RN*NX(mmatl) and P € [0, 1]V N*(7mat1) gre the matrices of
test statistic values and the matrices of p-values for the graph G, respectively. The

distance between the two graphs, based on the Jaccard distance, is:

&gne
d(G5,G) =1~ ngiﬂ
J7 T ’5; Ugjs|

Following previous work [73, 382], more robust subject-level classification
can be obtained by a majority voting scheme based on the predictions across mul-

tiple stimuli.

5.2.6 EXPERIMENTAL ANALYSIS

DATASET

We adopt the Saliency4ASD dataset [153], which offers a collection of 300 images
accompanied by eye-tracking records from children diagnosed with ASD and TD
children. This dataset is intended to facilitate research on visual attention model-
ing as it relates to ASD diagnosis. In the original study, the authors gathered eye
movement data from a cohort comprising 14 children with ASD and 14 children
with TD, all aged between S and 12 years, with a mean age of approximately 8
years. The dataset does not include subject identifiers distinguishing individuals
within each group. Consequently, in alignment with previous work [73], fixa-
tion sequences indexed by 7 within the same group are assumed to originate from

the same individual.
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Methods Accuracy Precision Recall AUC
Chen et al. (Independent) [73] 0.89 0.86 0.93 0.92
Chen et al. (Full) [73] 0.93 0.93 0.93 098
AttentionGraph+S;,,, [382] 0.93 - - -
AttentionGraph+S.,,, [382] 0.86 - - -
Ours 0.93 0.93 0.93  0.93

Table 5.5: Comparison of the proposed method with state-of-the-art competing approaches on
the Saliency4ASD dataset.

EXPERIMENTAL SETUP

Each image from the Saliency4ASD dataset is automatically processed to extract
relevant items within the scene. The SAM 2.1 Large model [291] is employed
for accurate segmentation of areas of interest, which are considered as regions of
gaze attraction (items). Aggregate item-level attention allocation traces (see Sec-
tion 5.2.3) are generated by integrating the amount of attention (gaze points)
that fall within the segmented regions. These traces are then fed into the Vi-
sual Attention Causal Discovery method outlined in Section 5.2.2. Items that
do not attract attention are excluded from the computation of the Visual Atten-
tion Causal Graph. Consistent with previous work [73, 382], the classification
task is performed using a leave-one-subject-out strategy on 100 randomly selected
images. For the computation of the Visual Attention Causal Graph using the
PCMCI method, we set the significance threshold to 2 = 0.01 and define a time
lag range of 7,,;, = 0 and 7,,,, = 5. Given the univariate and discrete/categor-
ical nature of the variables in the Aggregated Item-Level Attention Allocation

Traces, the G-squared Conditional Independence test is adopted [301].

REsuULTS

We compare the proposed method against [73] and [382] and evaluate it in terms

of accuracy, precision, recall, and AUC. Results are reported in Table 5.5.
Among these methods, our approach demonstrates strong and well-rounded

performance, achieving an accuracy, precision, recall, and AUC of 0.93. This

places it among the top-performing models, on par with Chen et al. (Full) [73]
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and AttentionGraph with Sy, in terms of accuracy. In contrast, Chen et al. (In-
dependent) [73] shows slightly lower performance, with an accuracy of 0.89 and
an AUC of 0.92, while AttentionGraph with 5

<an Underperforms with an accu-
racy of 0.86.

Itis worth noting that, unlike the purely predictive and, to some extent, black-
box approach proposed in [73], the solution presented here offers a high degree of
interpretability. This is achieved through the use of causal discovery techniques,
which enable the method to characterize the underlying causal mechanisms gov-
erning the dynamics of attention allocation. By constructing Visual Attention
Causal Graphs (VA-CGs), the proposed method not only predicts group mem-
bership accurately but also provides insights into how and why visual attention

shifts over time within and across observer groups.

In this respect, the proposed solution shares some conceptual similarities with
the AttentionGraph approach introduced in [382]; however, their method re-
mains at a purely correlational level of explanation. In contrast, the adoption of
VA-CGs allows the proposed approach to operate at a higher level on the ladder
of causation [272], enabling the inspection of attention allocation mechanisms

in neurodivergent subjects with greater explanatory depth.

As illustrated in Fig. 5.12, the time-unrolled VA-CGs offer an interpretable
causal representation of visual attention dynamics across semantically segmented
regions. The figure captures the temporal evolution of attention across regions of
interest, with directed edges signifying causal transitions between them, and edge
color reflecting causal strength. Notably, the TD-group exhibits more consistent,
linear attention patterns, whereas the ASD-group demonstrates more complex
and varied transitions, highlighting group-level differences in visual attention be-
havior. This makes the approach particularly valuable in domains where under-
standing the decision-making process is as important as the predictions them-
selves, such as in cognitive and clinical research. Overall, the proposed approach
stands out for its balanced and complete performance, combining high accuracy
with strong precision, recall, and AUC, while offering substantial explanatory

power.
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5.3 SANCTUARIA-GAZE: A MULTIMODAL EGOCENTRIC
DATASET FOR HUMAN ATTENTION ANALYSIS IN

RELIGIOUS SITES

Sacred spaces have long served as repositories of cultural heritage, architectural
innovation, and religious expression. These environments present particular op-
portunities to study human attention and interaction patterns, as visitors en-
gage with a range of elements, including architectural features and religious ar-
tifacts. Understanding how individuals explore and interact with these spaces
is crucial for fields spanning architecture [6], religious studies [201], and cogni-
tive science [197]. Recent advancements in wearable technology, particularly eye-
tracking devices [127], have enabled researchers to capture and analyze human

attention patterns with greater precision [60, 61].

Eye-tracking has been increasingly applied in architectural research to study
human interaction with built environments [108, 125, 302, 352], providing in-
sights into cognitive and behavioral responses to architectural designs. How-
ever, most existing studies rely on laboratory settings with static images or
3D renderings, which fail to capture the dynamic nature of real-world explo-
ration [5,37,38,49,120]. Furthermore, while sacred spaces have been extensively
studied from historical and architectural perspectives, there is a limited body of
empirical research on how visitors actually experience and interact with these en-
vironments. The introduction of eye-tracking technology to in-situ architectural

studies presents both opportunities and challenges.

This is particularly pertinent in the context of sacred architecture, where vi-
sual engagement is shaped not only by spatial configuration but also by symbolic,
iconographic, and ritual elements that elicit complex forms of attention and in-
terpretation. Eye-tracking studies in sanctuaries offer insights into how visitors
engage with these complex spaces, highlighting patterns of attention around fea-
tures like altars, relics, and Marian imagery. Such analyses ofter new perspectives
on devotional behavior, the effectiveness of liturgical space design, and the evolv-

ing modes of interaction with sacred imagery. Moreover, this approach supports
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interdisciplinary inquiry, integrating insights from semiotics, anthropology, and
art history to better understand how sacred spaces guide visual experience and
structure spiritual engagement.

While these tools can provide rich data about visitor behavior, the complexity
of real-world environments makes it difficult to automatically identify and track
objects of interest, especially those that are specific to the sacred environment.
Conventional methods need laborious manual annotation, limiting the scalabil-
ity and reproducibility of such studies [250]. Recent developments [109, 345]
aim to streamline this process by automating object detection and tracking in
dynamic scenes, thereby enhancing the efficiency of eye-tracking data analysis.

To address these challenges, we present Sanctuaria-Gaze, a novel dataset and
analysis framework focused on visitor interactions with sacred spaces. Our work
makes three primary contributions: (i) a multimodal dataset capturing natural ex-
ploration behavior in four significant sanctuaries, (ii) an open-source framework
for detecting and analyzing Areas of Interest (AOIs) in dynamic environments,
and (iii) empirical insights into how visitors’ backgrounds influence their interac-
tion patterns with sacred spaces.

We refer the reader to Fig. 5.13 for qualitative examples of the recordings
and their corresponding annotations. Additional samples are reported in the ap-

pendix (Section C.1). Collected data and source code are publicly availablell.

5.3.1 AN OVERVIEW ON EGOCENTRIC DATASETS

Egocentric vision represents a distinctive paradigm for understanding human
behavior, utilizing wearable cameras to capture first-person perspectives [277].
Over the last decade, the development of egocentric datasets enriched with mul-
timodal data, including gaze and audio, showcased the potential of first-person
views for addressing a wide range of challenges, from action recognition and an-
ticipation to gaze understanding and prediction [39, 139,140,169, 217, 226, 227,
249, 340]. Among these, the Activity of Daily Living (ADL) dataset [276] fea-

tures recordings of individuals performing unscripted, everyday actions in real-

”https ://github.com/aimagelab/Sanctuaria-Gaze
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Church o1 Church 02 Church 03 Church 04

Figure 5.13: Examples of recorded videos in the four churches with corresponding annotations.
The figures highlight key annotations such as gaze points, segmentation mask, object bounding
boxes and label of the observed object.

world environments. Fathi et al. [132] advanced the field by integrating gaze
data with egocentric videos to study human behavior, leading to the creation
of the GTEA Gaze+ dataset and its subsequent extension [228]. The EPIC-
KITCHENS dataset [103, 104] marked a significant milestone by offering large-
scale, diverse egocentric video data focused on kitchen activities.

The Ego4D dataset [149] stands as one of the most comprehensive resources
to date. It encompasses over 3, 000 hours of recordings of several daily activities
across hundreds of environments. Some subsets of this dataset also provide gaze
data collected using a diverse range of wearable devices.

Ragusa et al. [287, 288] introduced MECCANO, a dataset of egocentric
videos in industrial-like scenarios for studying human interactions with small ob-
jects and tools. Similarly, Sener et al. [312] collected Assembly101, a multi-view
dataset for procedural activity analysis. In recent years, datasets focusing on cul-
tural contexts have also been introduced, emphasizing visitor behavior in such
environments. For example, the EGO-CH dataset [286] provides a comprehen-
sive resource for studying visitor behavior in cultural sites, focusing on activities
such as object attention and exploration patterns. Mazzamuto et al. [250] ex-

tended this dataset, combining gaze signals with weak supervision to detect at-
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Dataset Setting

Signal

Frames Sequences

Object Classes Participants

RGB, Audio, 3D Environments,

EGO4D [149] Multi Domain Stereo, Gaze, IMU, Multi-View 418M 9650 449 931
EPIC-KITCHENS-100 [104] Kitchens RGB 20M 700 300 37
EGTEA Gaze+ [341] Kitchens RGB, Gaze 2.4M 86 - 32
ADL [276] U&_v\ Activities RGB 1M 20 42 20
THU-READ [335] Daily Activities RGB, Depth 343,626 1920 - 8
MECCANO Multimodal [287] Industrial RGB, Depth, Gaze 299,376 20 20 20
Assembly101 [312] Industrial RGB, Multi-View, 3D Hand-Pose 20M 362 90 53
EGO-CH [286] Cultural Sites RGB 867,957 120 226 70
EGO-CH-Gaze [250] Cultural Sites RGB, Gaze 220,300 14 15 7
Sanctuaria-Gaze (Ours) Cultural Sites RGB, Gaze, Depth, IMU 241,355 40 30 20

Table 5.6: Comparison of Sanctuaria-Gaze with other egocentric datasets.
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Group 01 Group 02
SubjectID 01 02 03 04 05 06 07 08 09 10 11 12 13 14 15 16 17 18 19 20
Belief NC € NC NC NC NC C cC C¢C C NC C C NC NC C NC C C NC
Visited - - 02 - - - 01-02 - - 01 04 0304 - 03 - - - 03-04 03-04 04

Vision N N C C N N C C N C C C C N C N C C C N

Table 5.7: Information about participants. Belzef indicates whether the participant identifies as
Catholic (C) or non-Catholic (NC). Visited specifies the ID of the church visited in the past by
the participant, if applicable. Vision refers to normal (N) or corrected-to-normal vision (C).

tended objects in cultural environments. While these datasets have driven sig-
nificant progress in egocentric vision, a focus on religious environments remains
largely unexplored. Our work addresses this gap by introducing a new egocentric
dataset of visits to religious sites, equipped with detailed gaze data.

In Table 5.6, we report a comparison of Sanctuaria-Gaze with other egocen-
tric datasets. To the best of our knowledge, this is the largest dataset within this
domain, encompassing different data signals. It offers unique insights into hu-
man behavior and visual attention in sacred spaces, thereby bridging egocentric

vision research with the study of cultural and religious heritage.

5.3.2 SANCTUARIA-GAZE DATASET

We introduce Sanctuaria-Gaze, a novel dataset of egocentric videos, equipped
with eye-tracking data, captured from visitors exploring four religious sites in
Northern Italy while wearing wearable devices. Along with the dataset, we also re-
lease an open-source framework designed for the automatic extraction and analy-
sis of AOIs, representing locations that captured the user’s attention. This frame-
work not only enables the identification of AOIs but also provides tools for visu-
alizing attention patterns, assessing attention shifts over time, and conducting

comparative analyses across different individuals and sites.

DATASET ACQUISITION

REeL1GIOUS S1TES. Our dataset was collected in four religious sites in North-
ern Italy: Sanctuary of Bismantova, located in Reggio Emilia (Church 01), Sanc-
tuary of San Pellegrino in Alpe, located in Lucca (Church 02), Sanctuary of
Santa Maria della Vita (Church 03) and Sanctuary of Santi Vitale ¢ Agricola
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(Church 04), both located in Bologna. All these buildings differ in various as-
pects, including their size, the number of rooms, and their architectural style.
Notably, Church 01 and Church 02 are mountain hermitages, while Church 03
and Church 04 exhibit rich historical and artistic features.

PartiCcIPANTS. The Sanctuaria-Gaze dataset was collected from 20 unique
participants with normal or corrected-to-normal vision, over two separate days.
They were divided into two groups of 10 people each. The first group visited
Church @1 and Church 02, while the second explored Church 83 and Church 04.
The participants were selected by guaranteeing diversity in terms of age, religious
belief, and gender. Their ages range from 18 to 65 years. Among all the visitors,
two religious groups can be identified: Catholics (C) and non-Catholics (NC), a
distinction that formed the basis for the analysis presented in the following sec-
tions. Itis worth noting that some participants may have previously visited one or
more of the sanctuaries involved in the data collection process. Table 5.7 reports
detailed information about the participants. The study adhered to ethical guide-
lines for the protection of human subjects, in compliance with the legal require-
ments of the country, and obtained formal approval from the Ethical Committee
of the participating research institutions.

WEARABLE DEVICES. Participants were required to wear a pair of Project Aria
Glasses [127], essential for the recording. Each video was captured at a resolu-
tion of 1408 x 1408 pixels with a frame rate of 15 fps. To facilitate the study of
human visual attention and analyze participants’ areas of interest, gaze data were
collected from the eye-tracking cameras integrated into the glasses, operating ata
rate of 30 fps. SLAM cameras were enabled at a frequency of 15 fps, while IMU
sensors worked at a frequency of 1000 Hz and 800 Hz, respectively. Data from a
magnetometer operating at 10 Hz and a barometer operating at 50 Hz were also
recorded to capture additional environmental and spatial data.
EXPERIMENTAL PROTOCOL. Each participant was instructed to freely explore
the church, simulating a typical visit, while wearing Project Aria Glasses. Partici-
pants were given complete autonomy in deciding their movements and activities
within the church. Before each experiment, the wearable device was calibrated ac-

cording to the standard Project Aria calibration procedure. The duration of each
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experiment was limited to a maximum of ten minutes, with no restrictions on the
minimum duration. To ensure an undisturbed experience, each participant con-
ducted the exploration individually, thus avoiding potential distractions deriving

from the simultaneous presence of other people.

CoLLECTED DaTA

We collected 40 egocentric videos with an average duration of 6.7 minutes, for a
total of 4.47 hours of recordings. The recorded gaze data revealed different view-
ing patterns across the four churches, as shown in Fig. 5.14. The gaze heatmaps
illustrate different patterns of visual attention, with Church 01 and Church 03
showing a centralized focus, while the others demonstrate rightward-shifted dis-
tributions. This suggests that architectural elements or points of interest in the
latter churches may have drawn participants’ attention toward the right side of
their visual field. The fixation duration distributions follow a consistent pattern
across all churches, with a predominance of shorter fixations and a long tail of
longer durations, typical of natural viewing behavior.

However, Church 04 shows the highest frequency of shorter fixations, indicat-
ing either a greater number of visual elements prompting rapid visual exploration,
or alternatively, a more intuitive spatial organization requiring less prolonged ex-
amination. These findings suggest that architectural richness may influence not
only where people look, but also how they temporally structure their visual ex-

ploration of sacred spaces.

PrROPOSED FRAMEWORK FOR AUTOMATIC AOIs ANNOTATION

In addition to the dataset, we propose a methodological framework for the au-
tomatic analysis of the collected data, enabling the study of human visual atten-
tion within religious spaces. Given an egocentric video V" with N frames of size
H x W and a synchronized stream of gaze coordinates X = {xy,xa,...,xXn},
where each x; € R? represents a 2D gaze point (x, y) in the frame, the objective is
to automatically annotate the objects fixated by the observer. These annotations

include a segmentation mask M € {0, 1} representing the pixel region of
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Figure 5.14: Gaze heatmap (top) and distribution of the fixation durations (bottom) for the four churches. The top row shows the spatial distribution of
participant gaze patterns, with darker blue indicating higher gaze concentration. The bottom row displays histograms of fixation durations (in milliseconds),
indicating the frequency and distribution of gaze fixation lengths.
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the fixated object, a bounding box B € R*and a category label C € L, where
L is the set of possible object labels. An overview of the proposed annotation

pipeline is depicted in Fig. 5.15 and summarized in the following steps.

FixaTioN DETECTION. A fixation detection algorithm f : & — & is ap-
plied to classify each gaze point as either a fixation or a saccade. Here, & =
{e1,€2,...,en}, ¢; € {0,1}, where e; = 1if x; is classified as a fixation, and

e; = 0 otherwise.

FramEe FILTERING. To reduce the computational burden, frames correspond-
ing to non-fixation points (¢; = 0) are discarded. For consecutive fixation points,
only the first associated frame is retained. The resulting subset of frames is de-
notedby F = {f; | j€ I}, Z={i|e =1,¢;,4 =0o0ri =1}, whereZis

the index set of retained frames.

SEGMENTATION Mask EXTRACTION. For each retained frame f;, a segmen-
tation model ¢ : (f;,x;) — M; is employed to extract the segmentation mask
M; € {0,117 corresponding to the attended object, where x; is the fixation

point.

OBjeCcT DETECTION AND LABELING. In parallel with the segmentation
model, an open-vocabulary object detector b : (f;, L) — {(B]k, Cjk ) | £ =
1,...,K} is applied to detect K candidate objects in frame f;, where each candi-

date object is associated with a bounding box Bjk € R*, and a label C}k € L.

OBjecT FILTERING. The final object annotation is selected by finding the de-
tected bounding box Bjk with the greatest overlap with the segmentation mask

M;, provided the overlap (IoU) exceeds a threshold 7. This can be formalized as:

¥ = argmaxIoU(B;, M), K = {k| U(B;, M) > 7},

B |BY N M|

where IoU(B%, M) = L ——

If no bounding box satisfies the threshold 7, the frame is discarded, otherwise

. L. L5
the object annotation is (B; , C; ).
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Figure 5.15: Pipeline of the proposed annotation framework. Given an egocentric video and a stream of gaze coordinates, frames containing a fixation
pointare selected and passed through a segmentation model to generate a mask for the attended object. Simultaneously, an open-vocabulary object detector

identifies bounding boxes for all objects of interest within the scene. The bounding box with the highest overlap with the segmentation mask is selected,

and its associated category label is assigned as the final object annotation.
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5.3.3 DATASET ANALYSIS

The proposed framework is implemented and released as an open-source tool. In
particular, we evaluate the efficacy of our pipeline on the Sanctuaria-Gaze dataset,
focusing on two primary areas: the behaviors exhibited by individual participants
and the group-level dynamics, with particular attention on the most frequently

fixated object categories.

DATA PROCESSING

Each recorded session is initially processed using the Project Aria Machine Percep-
tion Services (MPS) [127]. Specifically, the eye gaze service extracts the gaze direc-
tions (yaw values) of the left and right eyes, as well as the corresponding depth of
intersection, based on images captured by the eye-tracking cameras. These data
are then projected into camera space to compute 2D gaze coordinates.
Subsequently, we apply the I-DT fixation detection algorithm [305], using a
gaze-dispersion threshold equal to 0.05 in normalized pixel distance within the
frame and a time threshold of 100 milliseconds. This process results in a total of
36, 990 fixations, which are used to guide the filtering of an equivalent number
of frames extracted from the RGB recordings. These frames, combined with the
corresponding gaze coordinates, serve as input to the segmentation model. We
adopt Segment Anything Model (SAM 2.1 Base Plus) [291] for object segmen-
tation. This model represents the current state-of-the-art in segmentation and
is specifically designed to support point-based prompts, making it a natural fit
for our use case where each gaze fixation corresponds to a single 2D coordinate.
This alignment allows for an accurate extraction of object masks centered on the
user’s visual attention. In addition, given a frame f; from a video ¥, and a textual
vocabulary £ containing the object names to detect, we use an open-vocabulary
detector (z.c., YOLO-World [81]) to localize all instances present in the scene and
included in £. The choice of YOLO-World over conventional closed-vocabulary
detectors is motivated by the specificity and semantic richness of the object cate-
gories typically found in religious heritage sites. Standard object detectors are un-

likely to recognize many of the relevant classes (e.g., crucifix, altar, relic)
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without retraining. In contrast, YOLO-World allows flexible detection via tex-
tual prompts, making it well-suited to handle the domain-specific vocabulary re-
quired for our study.

The vocabulary is composed of six macro-categories for a total of 30 objects

of interest grouped as follows:

* Architectural Features: apse, arch, column, nave.

* Contextual Objects: bag, camera, lighting fixture, phone, sign.

* Cultural and Historical Features: book, painting, plaque, relic, tapestry.

* Furnishings: bench, candelabrum, chair, lamp, lectern, offering box.

* Religious Items: altar, candle, crucifix, holy water font, pulpit, statue, taber-
nacle.

¢ Temporal or Event-Based Objects: flower, musical instrument, seasonal dec-

oration.

The set of objects composing the vocabulary £ was chosen in collaboration
with experts in religious studies, considering the content of the four sanctuaries
where the experiments were carried out. The list of bounding boxes extracted
during this phase is filtered using the segmentation mask, with 7 = 0.40. This
process results in a total of 15,798 classified observed objects, forming the base-

line for further analysis at both individual and group levels.

INDIVIDUAL ANALYSIS

An analysis of individual visitor behavior in the four churches reveals distinct
patterns of object observation that appear to correlate with the distinctive char-
acteristics of each church. The data, shown in Fig. 5.16, demonstrate how ar-
chitectural relevance and religious importance influence visitors’ attention pat-
terns. In Church 03 and Church 04, distinguished by their architectural signifi-
cance, observations of architectural elements (e.¢., apse, arch, column, and nave)
account for an average of 43% = 12% of visitor’s attention, a proportion that
is significantly higher than in the other churches (#(38) = —7.73, p < 0.001).
This architectural focus suggests that visitors were naturally drawn to the design

features of the buildings. Conversely, the mountain hermitages of Church 01
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Figure 5.17: Comparison of descriptive category frequencies between Catholic and non-Catholic
participants, aggregated over the four churches. Left and right plots show frequency distributions
across six object macro-categories.

and Church 02 exhibit the highest proportion of religious object observations
compared to the other churches (#(38) = 4.30, p < 0.001), particularly to-
wards the altar, averaging 16% = 14% of total observations, possibly reflecting
their more contemplative, spiritually-focused settings. These patterns suggest
that while visitors develop personal exploration strategies, their attention is sig-
nificantly influenced by the distinct characteristics and primary points of interest
of each church. The mountainous environments of Church 01 and Church 62
appear to encourage a heightened focus on religious elements, while the architec-
tural richness of Church 03 and Church 04 naturally draws attention to struc-
tural features, demonstrating how the physical and spiritual attributes of sacred

spaces can guide visitor engagement.

GROUP ANALYSIS

For the purpose of the analysis and based on participants’ self-reported religious
affiliation in the pre-visit questionnaire, subjects were clustered into two groups
for each visit: Catholics and non-Catholics, with five participants for each group.
The non-Catholic group included both individuals from other religious back-

grounds and those reporting no religious affiliation.
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Figure 5.18: Correlation between Catholic and non-Catholic group frequencies of object cate-
gories, with the diagonal line representing equal frequencies between groups. Object labels are
shown for the top-3 differences among the two groups.

While this binary classification simplifies a more complex spectrum of reli-
gious beliefs, it provides a meaningful starting point for investigating the relation-
ship between religious identity and visitor behavior in sacred spaces. The choice
of this categorization is grounded in the context of the sanctuaries involved,
which are all sites of Catholic religious significance. Catholic participants may
approach these spaces with culturally ingrained expectations and emotional reso-
nance, whereas non-Catholic visitors might engage from a more observational
perspective. While acknowledging the heterogeneity within each group (e.g.,
varying levels of religiosity or spiritual orientation), this binary distinction en-
ables an exploratory analysis of how religious affiliation may influence egocentric
visual attention patterns. Further studies could incorporate more fine-grained
categorizations (e.g., practicing vs. non-practicing, interfaith backgrounds), but
such an analysis is beyond the scope of this study.

Analysis of visitor behavior stratified by religious background reveals notable
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similarities and distinct differences in observation patterns between Catholic and
non-Catholic participants. At the macro-category level ( Fig. 5.17), both groups
show comparable attention to Architectural elements with an average of 31% of
observations. The most significant discrepancy emerges in the Relzgions category,
where Catholic visitors exhibit significantly higher levels of attention (33% of ob-
servations) compared to non-Catholic visitors (28%). This finding suggests that
religious literacy and personal connection to Catholic symbolism may influence
viewing patterns. A more detailed analysis at the object-specific level, as depicted
in Fig. 5.18, reveals several salient differentiating elements. The altar emerges as

one of the most discriminating objects, along with paintings and phones.

To quantify the magnitude of such differences, we compute Cohen’s d effect
sizes (see Fig. 5.19) and relative percentage changes for each object category. The
strongest effect sizes are observed in the usage of phones (d = —1.26, 86.8% less
frequent among Catholics) and attention to altars (d = 0.98,49.9% more fre-
quent among Catholics). The negative effect size for phone usage suggests that
non-Catholic visitors were substantially more likely to use their phones during
the visit, possibly for documentation purposes. Conversely, the large positive
effect size for altar observation indicates Catholics’ greater engagement with this
central liturgical element. Moderate effects are found for paintings (d = —0.46),
apses (d = 0.45), pulpits (d = —0.44), and books (d = —0.44).

Interestingly, while some religious elements show strong differences (altars),
others display more modest eftects (crucifixes: d = 0.15, statues: d = 0.13), sug-
gesting that the influence of religious background varies across different types
of sacred objects. Several categories show relevant percentage changes despite
smaller effect sizes. For instance, attention to relics shows a 223.5% increase
among Catholics (d = 0.17), and signs show a 176% increase (d = 0.40).
Seasonal decorations show the maximum possible negative change (—100%),
though with a relatively small effect size (d = —0.09), indicating complete
avoidance by one group but high variability within groups. These attention pat-
terns suggest that while religious background strongly influences certain aspects
of church exploration, such as documentation behavior and attention to central

liturgical elements, its effect on observation of other church features is more nu-
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Figure 5.20: Participants movement trajectories throughout each church space, where warmer
colors (yellow-red) indicate longer dwelling times and cooler colors (blue) represent transit areas.
The red triangles mark the entrance locations.

anced. The discrepancy between effect sizes and percentage changes for certain
objects, such as relics, suggests high individual variability in observation patterns

within both groups.

5.3.4 ANALYSIS OF THE EXPLORATION PATTERNS

The presence of the SLAM cameras integrated into the Project Aria Glasses al-
lows us to capture the visitor movement trajectories inside the churches. Fig. 5.20
illustrates the regions where the visitors spent their time during the exploration
of the sanctuary. The resulting positional heatmaps, which aggregate the move-
ment data of ten participants per church, reveal varying degrees of spatial cover-
age, with some areas receiving more attention across multiple participants. These
areas often correspond to key architectural or religious features, as supported by

the compositional analysis presented in the previous sections.
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For instance, Church 01 shows concentrated movement around the main al-
tar, a side chapel illuminated by natural light, and the central nave offering a com-
prehensive view of the interior. Similarly, in Church 02, movement was primar-
ily directed toward three key areas: the relics of the saints, an alternative entrance
from which the entire building could be viewed, and the chapel with the cruci-
fix. In contrast, Church 03, characterized by its circular plan and architectural
richness, prompted visitors to move across various chapels, with particular den-
sity around the sculptural group placed at the bottom-right corner of the map.
Church 04 also elicited broader spatial engagement, with movement distributed
across areas housing the many artworks present.

These findings, combined with the ones presented in the sections above, sug-
gest that spatial experience in sacred spaces is modulated not only by the architec-
tural affordances but also by the distribution and nature of the visual and devo-
tional stimuli, which together influence both movement and attention during ex-
ploration. Simpler and more centralized layouts tend to focus movement around
afew key points, while more complex and ornamented environments encourage

broader and more varied trajectories.

LIMITATIONS

While the proposed framework for AOIs detection enables large-scale, gaze-
driven object annotation in complex environments such as religious heritage sites,
it also has some limitations. First, the accuracy of gaze-to-object association de-
pends on the precision of the eye-tracking system and the fixation detection al-
gorithm. In particular, the adopted I-DT algorithm [305], though widely used
in traditional screen-based setups, may not be ideally suited for egocentric vision,
where natural head and body movements introduce noise and require compensa-
tion mechanisms that the algorithm does not account for [7]. Second, although
the use of SAM 2.1 and YOLO-World allows for flexible and domain-adaptable
annotation, the segmentation quality may degrade when objects are occluded,
poorly illuminated, or not visually salient. Additionally, the open-vocabulary de-
tection performance of YOLO-World is influenced by the specificity and clarity

of the textual prompts, which can introduce variability across instances. Finally,
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the object vocabulary used in this study is domain-specific and manually curated
with expert input. Adapting the framework to other domains would require the
definition of new object categories and potentially further prompt engineering
or detector fine-tuning.

Despite these limitations, the modularity of our approach facilitates future
extensions and targeted improvements, such as integrating more robust fixation
detection tailored to egocentric data or enhancing detection with context-aware

language models.
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Conclusions

This thesis investigated the role of human visual attention from both computa-
tional and application-driven perspectives, examining how gaze modeling can ad-
vance our understanding of visual behavior and enhance intelligent systems. Key
limitations of existing computational attention models were addressed, particu-
larly with respect to temporal dynamics and behavioral variability. By framing
gaze as a sequential and inherently stochastic process, the proposed approaches
move beyond static and deterministic formulations, enabling richer representa-
tions of attention mechanisms and more principled evaluation strategies. The
proposed research also demonstrated how human gaze can serve as a powerful
supervisory signal across diverse domains. From deepfake detection to neurode-
velopmental behavioral analysis and attention modeling in ecologically valid cul-

tural environments.

6.1 SuMMARY OF CONTRIBUTIONS

This thesis is organized around two complementary research directions, encom-
passing both the design and development of new computational models and the

application of gaze-informed methodologies to societally relevant domains.
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6. CONCLUSIONS

In Chapter 3, we focused on computational models of human visual attention,
treating gaze as a dynamic cognitive process to be modeled. The lack of archi-
tectures that explicitly model the temporal evolution of visual attention and its
variability across observers motivated the introduction of two novel frameworks
for scanpath prediction, presented in detail in Chapter 4. First, TPP-Gaze for-
mulates gaze behavior within the mathematical framework of Neural Temporal
Point Processes, enabling explicit modeling of both fixation locations and their
durations. By treating scanpaths as sequences of temporally dependent events,
the proposed approach captures the spatio-temporal evolution of attention in a
principled manner, achieving state-of-the-art performance in scanpath similarity
and fixation duration prediction while exhibiting human-like gaze dynamics.

Building on the need to account for variability in visual exploration,
ScanDiff reframes scanpath prediction as a stochastic generative problem
through diffusion-based modeling. By explicitly representing the probabilistic
nature of gaze allocation, this approach moves beyond deterministic formula-
tions and produces diverse yet plausible scanpaths that better capture the variabil-
ity inherent in human visual exploration. Modeling such diversity is beneficial
not only for predictive accuracy but also essential for downstream applications re-
quiring realistic simulation of human visual behavior, such as human-computer
interaction, autonomous systems, and cognitive robotics.

Complementing the methodological advances, the second part of the thesis
further advances the field, demonstrating how gaze can serve as a learning signal
for specific applications. Chapter 4 offers a comprehensive overview of the cur-
rent state of gaze-assisted Al, highlighting both its theoretical foundations and
practical implications. In Chapter 5, we present novel contributions in the field
of deepfake detection, neurodevelopmental research, and the collection of new
multimodal data resources for studying attention in culturally significant envi-
ronments. In the context of media forensics, the work investigates how human
observers visually perceive manipulated images, revealing systematic differences
in attention allocation between authentic and forged content. Our findings re-
veal that when humans examine counterfeit images, their attention tends to be

directed toward more confined regions, in contrast to genuine images, where the
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6.1. SUMMARY OF CONTRIBUTIONS

observed visual pattern is more evenly distributed across the presented stimuli.
Such results were supported through statistical tests conducted on the entropy
distributions of the saliency maps, thereby confirming our initial hypothesis.
Building on these findings, we demonstrated the efficacy of integrating human vi-
sual attention into the automatic detection pipeline of manipulated images. Our
experiments strongly support the hypothesis that human-derived saliency maps
can significantly enhance the performance of deepfake detection models, partic-
ularly for images that are visually obvious to human observers but challenging

for current algorithms.

The introduction of our novel testing dataset, specifically designed for reli-
gious visual data, has provided valuable insights into the unique challenges posed
by partially modified images in this domain. Our research demonstrates that
even a small amount of eye-tracking data can yield substantial improvements
compared to relying solely on generated data from saliency models. This find-
ing underscores the value of human-in-the-loop approaches in AI development
and suggests that expanding this dataset would be highly beneficial for further
advancements in the field. Future work should prioritize the collection of more
extensive eye-tracking data across diverse scenarios and cultural contexts to en-
hance the robustness and generalizability of these models. As generative Al tech-
nologies continue to evolve, the approach presented in this thesis offers a promis-
ing direction for future research, suggesting that further exploration of human-
Al collaboration could lead to more robust, context-aware, and ethically aligned
deepfake detection systems.

Beyond media analysis, the thesis explores gaze as a behavioral biomarker in
neurodevelopmental research. We proposed a framework based on Visual Atten-
tion Causal Graphs (VA-CGs), which captures how attention dynamically shifts
between semantically relevant items in a visual scene. Experiments demonstrate
the potential of VA-CGs in terms of classification performance compared to exist-
ing methods. Crucially, beyond mere classification, the proposed method offers
improved interpretability. By explicitly modeling causal relationships, our frame-
work provides insights into the distinct attentional strategies employed by difter-

ent groups. This capability may be essential for advancing our understanding
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of the cognitive processes that differentiate ASD from TD individuals. Finally,
the thesis contributes a large-scale multimodal egocentric dataset collected in re-
ligious environments, providing an ecologically valid resource for studying atten-
tion allocation in complex real-world settings. The dataset is complemented by
an open-source framework designed for the automatic annotation of fixated ob-
jects and the analysis of areas of interest (AOIs) in the spatial environment. Our
analyses reveal how movement and exploration patterns vary across churches,
influenced both by the architectural configuration of each site and by the par-
ticipants’ cultural and religious backgrounds. Such findings suggest that sacred
spaces elicit differentiated forms of spatial and visual engagement, shaped by the
historical, symbolic, and aesthetic affordances of the environment. By combin-
ing gaze, video, and spatial trajectories, this dataset supports interdisciplinary re-
search across computer vision, human—computer interaction, and cultural stud-
ies. Sanctuaria-Gaze not only serves as a benchmark dataset for visual and behav-
ioral analysis in religious settings, but also as a methodological bridge between
computational techniques and the interpretive work of the humanities. Future
work may expand this research to include larger participant groups and specific
ritual contexts, such as pilgrimages or feast days, allowing for comparative studies

across time, space, and beliefs.

6.2 OPEN CHALLENGES AND FUTURE DIRECTIONS

Throughout this thesis, we have shown that understanding human visual atten-
tion constitutes a multifaceted challenge, spanning principled computational
modeling and real-world deployment. Observable manifestations of attention,
such as gaze dynamics and eye movement patterns, provide rich and structured
signals that can enhance both the performance and interpretability of Al systems.
However, incorporating this information into AI models still represents a major
challenge.

DAra scArcrTY. One possible reason for this is the scarcity and cost of collect-
ing human gaze data. When it comes to training machine learning models that

rely on human attention, the shortage of data poses a significant challenge. One
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possible solution is to try to reduce the cost of eye-tracking hardware and make
data collection less dependent on human instructors. This might be fostered by
the increased interest and proliferation of wearable devices, such as smart glasses,
virtual and augmented reality headsets, which would allow large amounts of data
to be collected in an easy way and, most importantly, in an ecological setting.
However, this is likely to raise a new challenge concerning ethical and privacy-
aware data collection and sharing.

Privacy 1ssugs. Currently, there is a lack of research into the privacy issues
raised by eye tracking on a broad scale [150]. To better understand the privacy
risks inherent in naturalistic real-world situations, it is essential to focus on eye-
tracking datasets that document extensive gaze data during typical daily activ-
ities. A notable example of such datasets is Ego4D [149]. It contains 3,670
hours of daily-life activity videos together with eye-tracking data. This approach
is unique compared to most research datasets. The analysis involves examining
the real-world implications of eye tracking and exploring the dynamics of privacy-
sensitive situations that may occur during everyday activities. The focus is on
actual situations rather than artificial scenarios. By carefully examining these
instances and assessing the level of privacy risks from the user’s perspective, it
would be possible to gain valuable insights into the immediate concerns related
to eye tracking. This can establish a proactive understanding of potential long-
term risks, enabling the development of strategies and safeguards to anticipate,
mitigate, and prevent privacy-related challenges in the evolving landscape of eye-
tracking technologies.

SYNTHETIC DATA. Another way to address both the aforementioned problem
and that of data scarcity is to use synthetic eye movements to supplement the ex-
isting data sources. Researchers have developed models that integrate synthetic
scanpath generation with a scanpath-augmented language model, eliminating the
need for human gaze data [111, 200]. This approach has shown promising results
for natural language processing tasks, while minimal exploration has been under-
taken in computer vision.

PERsONALIZATION. The personalization of gaze-informed models raises sev-

eral methodological and practical challenges. First, learning subject-specific rep-
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resentations requires sufficient individual-level data, which exacerbates the al-
ready present issue of data scarcity. Second, personalization mechanisms must
generalize to unseen users, requiring meta-learning or few-shot strategies capable
of rapidly adapting to new behavioral patterns. While recent works [75,189,378]
have started exploring possible solutions in this direction, such approaches risk
overfitting to unique traits and neglecting shared attention patterns, underscor-
ing the need to balance deterministic and stochastic components of gaze behav-
ior. Third, evaluation protocols should also move beyond aggregate metrics that
favor averaged patterns and instead assess how well models capture meaningful
variability across individuals. From an application perspective, personalization
is particularly relevant in domains such as assistive technologies, adaptive user
interfaces, and immersive environments, where user-specific gaze modeling can
enhance usability. However, balancing personalization with privacy preservation
and fairness remains a critical concern, as gaze patterns can encode sensitive be-
havioral and cognitive information. Overall, advancing personalization in gaze-
guided learning requires a shift toward uncertainty-aware frameworks that en-

sure ethical and responsible deployment.

WEARABLE DEVICES. Back to the spread of head-mounted displays like aug-
mented and virtual reality headsets, by adapting the capabilities of vision-and-
language models to stimuli obtained in real-time from the surrounding world,
it would be possible to enhance the user experience and improve the applicabil-
ity and eftectiveness of Al agents in everyday scenarios [381]. This integration
enables a focus on user preferences, providing precise and relevant responses by
understanding intent, context, and individual interests. This approach is partic-
ularly beneficial for visually impaired individuals who rely on their gaze to com-

municate their intent.

Eventually, other related research areas present challenges that still need to be
addressed, such as multimodal gaze following, reliable real-time gaze prediction,
and gaze modeling for dynamic environments [143, 164]. Efforts spent in these
research areas have the potential to significantly advance human gaze modeling

and enable the development of more effective applications.
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6.3 CLOSING REMARKS

In conclusion, this thesis advances the state-of-the-art in scanpath prediction
while offering a principled framework to capture temporal structure and behav-
ioral variability. Beyond methodological contributions, the work has demon-
strated the value of gaze-informed learning across societally relevant domains.
Together, these contributions highlight the importance of integrating human-
centered signals into Al fostering systems that are not only more accurate and

robust but also more interpretable and aligned with real-world human behavior.
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Supplementary Material for Chapter 3

B.1 MODELLING GAZE DYNAMICS IN SPACE AND TIME

wITH NEURAL TEMPORAL POINT PROCESSES

Additional qualitative results are depicted from Fig. B.1 to Fig. B.5 on COCO-
FreeView, MIT1003, OSIE, NUSEF, and FiFa datasets, respectively. Each fixa-
tion is represented by a circle, with its diameter proportional to the fixation du-
ration. For methods that do not model fixation duration, circles are shown with
a uniform size. The first fixation of each scanpath is omitted. The qualitative re-
sults support the quantitative results, highlighting the accuracy of TPP-Gaze in
predicting human-like scanpaths. Other methods, instead, either overfit on a few
salient objects, especially people and faces in the case of Scanpath-VQA, or pre-
dict scanpath trajectories containing fixations on unlikely locations (see the bot-
tom sample in Fig. B.14 or the top sample in Fig. B.4).

Considering the saliency prediction task, given a sample image, we construct
the aggregated saliency map by convolving a Gaussian kernel over all the locations
of predicted fixations [194]. To support the quantitative analysis, we present

the saliency prediction of our model against some competitors from Fig. B.6
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to Fig. B.10 on COCO-FreeView, MIT1003, OSIE, NUSEF, and FiFa datasets,
respectively. Note that we include DeepGazelll in the comparison for refer-
ence, even though its results are not directly comparable. Indeed, DeepGazelll
was specifically trained on a large scale dataset [187] to predict saliency maps
along with scanpaths. Nevertheless, TPP-Gaze outperforms DeepGazelll and
the other models in many cases, demonstrating better alignment with humans.
Finally, in Fig. B.11 we show additional qualitative results on sample im-
ages from COCO-Searchl8 for the visual search task. As can be observed,
TPP-Gaze can effectively simulate human-like goal-directed visual attention pat-
terns for various target objects. The model demonstrates its ability to adapt, with
a simple architectural variation, from a free-viewing setting to a task-specific vi-
sual search scenario. The results illustrate how TPP-Gaze generates plausible at-
tention trajectories that focus on regions likely to contain the target object, mim-
icking the efficient search strategies employed by humans when looking for spe-

cific items in complex scenes.
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Figure B.1: Qualitative comparison of simulated and human scanpaths on the COCO-FreeView
dataset.
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Figure B.2: Qualitative comparison of simulated and human scanpaths on the MIT1003 dataset.
We omit DeepGazelll for consistency with the experimental settings described in the thesis.
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Figure B.3: Qualitative comparison of simulated and human scanpaths on the OSIE dataset.
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Figure B.4: Qualitative comparison of simulated and human scanpaths on the NUSEF dataset.
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Figure B.5: Qualitative comparison of simulated and human scanpaths on the FiFa dataset.
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Figure B.6: Saliency maps of sample images from COCO-FreeView dataset computed from the
fixations generated by the considered scanpath models. For completeness, we include DeepGazelll,
but note that its training procedure also involves saliency prediction.
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Figure B.7: Saliency maps of sample images from MIT1003 dataset computed from the fixations
generated by the considered scanpath models. We omit DeepGazelll for consistency with the ex-
perimental settings described in the thesis.
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Figure B.8: Saliency maps of sample images from OSIE dataset computed from the fixations
generated by the considered scanpath models. For completeness, we include DeepGazelll, but
note that its training procedure also involves saliency prediction.
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Figure B.9: Saliency maps of sample images from NUSEF dataset computed from the fixations
generated by the considered scanpath models. For completeness, we include DeepGazelll, but
note that its training procedure also involves saliency prediction.
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Figure B.10: Saliency maps of sample images from FiFa dataset computed from the fixations
generated by the considered scanpath models. For completeness, we include DeepGazelll, but
note that its training procedure also involves saliency prediction.
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Figure B.11: Qualitative comparison of simulated and human scanpaths on the COCO-Search18
dataset for the visual search task.
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B.2 MobpeELING HuMAN GAZE BEHAVIOR wITH DIF-
FUSION MODELS FOR UNIFIED SCANPATH PREDIC-

TION

Additional qualitative results are depicted from Fig. B.12 to Fig. B.15 on COCO-
FreeView [387], MIT1003 [194], and OSIE [374] for free-viewing and COCO-
Searchl18 [78] for the visual search task, respectively. The qualitative results high-
light the accuracy of ScanD1 ff in predicting human-like scanpaths. Other meth-
ods, however, demonstrate limitations by either focusing excessively on specific
elements or producing shorter scanpaths than the ones exhibited by humans.
The qualitative results further support the findings of our scanpath variability
analysis, highlighting the ability of ScanD1 ff to generate diverse yet human-like
scanpaths across different viewing tasks. As shown in the comparison evaluation
from Fig. B.17 to Fig. B.20 existing methods often produce scanpaths that are ei-
ther overly deterministic — failing to capture the natural variability of human gaze
behavior — or overly stochastic, resulting in implausible trajectories. This is par-
ticularly true for Gazeformer that, as shown in Fig. B.19 and Fig. B.20, produces
scanpaths that are identical to each other over the simulations, essentially gener-
ating the same fixation pattern repeatedly regardless of the inherent variability
present in human visual attention processes. While Gazeformer achieves reason-
able performance on task-oriented datasets as shown in the quantitative results,
its deterministic nature fundamentally limits its ability to model the stochastic

aspects of human gaze behavior that our approach successfully captures.
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Figure B.12: Qualitative comparison of simulated and human scanpaths on the COCO-FreeView
dataset.
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Figure B.13: Qualitative comparison of simulated and human scanpaths on the MIT1003 dataset.
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Figure B.14: Qualitative comparison of simulated and human scanpaths on the OSIE dataset.
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Figure B.15: Qualitative comparison of simulated and human scanpaths on the COCO-Search18
(TP) dataset for the visual search task.
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Figure B.16: Qualitative comparison of simulated and human scanpaths on the COCO-Search18
(TA) dataset for the visual search task.
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Figure B.17: Qualitative comparison of the variability in simulated and human scanpaths on the COCOFreeView dataset.
different simulation or a different human observer.
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ChenLSTM [74] Gazeformer [256] GazeXplain [76] TPP-Gaze [102] ScanDiff (Ours) Humans

Figure B.19: Qualitative comparison of the variability of simulated and human scanpaths on the COCO-Search18 (TP) dataset for the viewing task:

potted plant. Each row corresponds to a different simulation or a different human observer.
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Figure B.20: Qualitative comparison of the variability of simulated and human scanpaths on the COCO-Search18 (TA) dataset for the viewing task:

fork. Each row corresponds to a different simulation or a different human observer.
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Supplementary Material for Chapter 5

C.1 SanNcTUuarRIA-GAZE: A MULTIMODAL EGOCENTRIC
DATASET FOR HUMAN ATTENTION ANALYSIS IN

RELIGIOUS SITES

Additional examples from the RGB videos collected in the four sanctuaries are

presented in Fig. C.1, while in Fig. C.2, we show further qualitative samples of
the proposed annotation framework.
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Figure C.1: Qualitative examples from the egocentric videos captured in the four churches.
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Church 01

Church 02

Church 03

Figure C.2: Qualitative examples of the final object annotations obtained through our automatic
annotation framework.
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