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Abstract

Egocentric vision holds great potential to revolutionize human-machine interaction

by enabling systems to perceive and interpret the world from the user’s perspective.

In first-person videos, the actor moves continuously within a dynamic environment,

requiring models capable of inferring user intentions, detecting objects and their func-

tionalities, and reasoning about the relevance of the surrounding 3D scene. The goal of

this thesis is to advance egocentric perception by developing visual models of objects,

affordances, and environments, while integrating egocentric vision with multi-modal

representations.

As a first step, we model the world as a collection of functional objects, where

objects afford distinct interactions. We propose learning to accurately segment object

parts according to their associated affordance and to quantify the uncertainty of these

predictions. While detecting object affordances provides valuable insights into object

functionalities, it is insufficient for comprehensive scene understanding, where objects

are embedded within a broader physical space: the environment. To this end, we

introduce a multi-label affordance mapping that links activity-centric zones to spatial

locations, demonstrating its utility for embodied tasks such as task-oriented navigation.

To further enhance temporal robustness, we propose a fusion strategy that leverages

the predictive distribution of a Bayesian neural network. Finally, to better capture the

dynamics of egocentric videos and enable a richer semantic understanding, we represent

environments with implicit functions through a decomposed neural radiance field.

In the next part, we combine object and affordance models to improve the antic-

ipation of the short-term object interaction. We introduce end-to-end architectures

that extend classical object detectors for anticipation, and explore strategies to ground

interaction predictions in past human behavior via environmental affordances and in-

teraction hotspots.

Finally, we expand egocentric perception through the integration of multi-modal

representations. First, we align egocentric video with natural language by localizing the

temporal boundaries of activities within long, untrimmed videos. Second, we bridge

first- and third-person perspectives by reformulating the cross-view segmentation as

an object mask matching task, enabling effective alignment of object representations

across viewpoints.

Overall, the methods proposed in this thesis achieve state-of-the-art results across

a broad range of egocentric perception tasks. We hope that this work encourage future

research in first-person visual perception.
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Resumen

La visión egocéntrica posee un gran potencial para revolucionar la interacción

humano-máquina, al permitir que los sistemas perciban e interpreten el mundo desde

la perspectiva del usuario. En los v́ıdeos en primera persona, el actor se desplaza de

manera continua dentro de un entorno dinámico, lo que exige el desarrollo de modelos

capaces de predecir las intenciones del usuario, detectar objetos y sus funcionalidades,

y razonar sobre la relevancia de la escena tridimensional circundante. El objetivo de

esta tesis es avanzar en la percepción egocéntrica mediante el desarrollo de modelos

visuales de objetos, affordances y entornos, integrando la visión en primera persona

con representaciones multimodales.

Como primer paso, se modela el mundo como una colección de objetos funcionales,

en los cuales cada objeto posibilita distintas interacciones. Se propone aprender a seg-

mentar con precisión las partes de los objetos en función de las affordances asociadas,

aśı como cuantificar la incertidumbre de dichas predicciones. Si bien la detección de

affordances proporciona información valiosa sobre la funcionalidad de los objetos, no

resulta suficiente para una comprensión completa de la escena, dado que los objetos

están integrados en un espacio f́ısico más amplio: el entorno. Con este fin, se introduce

un mapa de affordances multi-etiqueta que vincula zonas centradas en la actividad con

ubicaciones espaciales, demostrando su utilidad en la navegación orientada a tareas es-

pećıficas. Para reforzar la robustez temporal, se propone una estrategia de fusión que

aprovecha la distribución predictiva de una red neuronal bayesiana. Finalmente, con

el propósito de capturar de manera más efectiva la dinámica de los v́ıdeos egocéntricos

y conseguir una mayor comprensión semántica, se representa el entorno mediante fun-

ciones impĺıcitas a través de un campo neuronal de radiancia descompuesto.

En la siguiente parte del trabajo, se combinan los modelos de objetos y affordances

para mejorar la anticipación de las interacciones a corto plazo. Se introducen arquitec-

turas end-to-end que extienden los detectores de objetos clásicos para la anticipación,

y se exploran estrategias para fundamentar las predicciones de anticipación en el com-

portamiento humano previo, utilizando para ello las affordances del entorno y las zonas

de interacción preferente (interaction hotspots).

Por último, se ampĺıa la percepción egocéntrica mediante la integración de rep-

resentaciones multimodales. En primer lugar, se alinea el v́ıdeo en primera persona

con el lenguaje natural, localizando los ĺımites temporales de las actividades en v́ıdeos

extensos. En segundo lugar, se conectan las perspectivas en primera y en tercera per-

sona, reformulando la segmentación entre vistas como una tarea de correspondencia de

máscaras de objetos, lo que permite una alineación eficaz de las representaciones de
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objetos entre diferentes puntos de vista.

En conjunto, los métodos propuestos en esta tesis alcanzan el estado del arte en una

amplia gama de tareas de percepción egocéntrica. Se espera que este trabajo sirva de

inspiración para futuras investigaciones en el campo de la percepción visual en primera

persona.
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Chapter 1

Introduction

Egocentric vision shows an immense potential to revolutionize human-machine interac-

tion by enabling systems to perceive and interpret the world from the user’s perspective.

Unlike traditional third-person computer vision, which observes the world from an ex-

ternal and static viewpoint, egocentric vision captures dynamic, intention-guided, and

contextually rich user experiences. In first-person videos, the actor actively moves

within a static scene, and sporadically interacts with a variety of objects; creating

a tight integration between objects, actions, and the surrounding environment. This

shift in perspective introduces both new opportunities and unique challenges, paving

the way for novel technologies and emerging markets.

An inspiring application of egocentric vision is an assistive technology for visually

impaired individuals [8, 9], as Figure 1.1 shows. In this case, the egocentric AI device

provides context-aware, real-time support during everyday activities—such as locating

misplaced objects, anticipating potential user errors, or guiding rehabilitation exercises.

Beyond basic assistance, egocentric AI has the potential to enable expert-level guidance

during skill acquisition. For example, Augmented Reality (AR) devices could project

the correct body posture while learning football from an expert coach, guide a novice

surgeon through a procedure with step-by-step instructions from a world-class expert,

or assist with furniture assembly by detecting and correcting procedural mistakes.

Furthermore, understanding human behavior from a first-person perspective will enable

robots to act more autonomously and naturally. By modeling user intentions and the

sequential structure of long-term goals, robots can proactively offer real-time assistance

or prepare the environment to align with the user’s objectives.

In the last decade, the advent of deep learning has substantially advanced visual

perception. Early progress in convolutional neural networks [10] led to substantial

improvements in image classification [11], object detection [12], and semantic segmen-

tation [13]. Subsequently, the introduction of transformer-based architectures [14, 15]

further improved performance by capturing global context and long-range dependencies

1



Figure 1.1: Egocentric vision for visual assistive devices. During the every-day
activities, EGO-Granny provides context-aware assistance in real-time.
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Figure 1.2: Egocentric (first-person) vs. Exocentric (third-person) perspec-
tive in different scenarios.

in visual data. More recently, the emergence of foundation models [16–18], pre-trained

on large and diverse datasets, has enabled robust generalization across a wide range of

downstream tasks.

However, in the context of egocentric vision, the tight coupling between the camera

and the user’s perspective introduces additional challenges while also requiring models

to reason over fine-grained object manipulations. The first-person viewpoint is highly

dynamic and subject to rapid and unpredictable camera motion due to natural head

and body movements. This results in frequent motion blur, abrupt viewpoint changes,

and partial occlusions. Unlike static third-person videos, the egocentric perspective

captures unstructured and cluttered environments, with a strong emphasis on near-

field interactions and a high proportion of non-informative frames. For instance, as

shown in Figure 1.2, the first-person view highlights precise human–object interactions

(e.g., the movement of a violin bow or a basketball shot), whereas the third-person

view captures the full body pose together with the surrounding environment (e.g.,

the musician’s posture or the basketball court). In robot learning, although several

works [19–21] have demonstrated that third-person videos can effectively guide robot

imitation and manipulation, the first-person perspective [22–24] is generally preferred,

as it provides a more direct and natural view of human–object interactions.

Despite these challenges, progress in the field has been driven by the emergence

of large-scale datasets such as EPIC-Kitchens [25], Ego4D [26], and Ego-Exo4D [27],

which provide rich, realistic, and diverse first-person recordings of daily human activ-

ities. This large-scale data availability has enable progress in a wide variety of tasks

such as action anticipation [28, 29], locomotion prediction [30, 31], next-active object

detection [32, 33], action recognition [34, 35], object segmentation [36, 37], affordance

segmentation [38,39], episodic memory [40,41], and object-state change [42–44].

Focused on improving egocentric perception, this thesis introduces methods for

learning visual models of objects, affordances and environments, while also comple-
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menting with other modalities such as language or the third-person perspective. Along

the different chapters, affordances are continuously utilized to enhance core tasks such

as detection, mapping and forecasting. To this end, I begin by introducing the term,

reviewing the state of the art, and presenting the proposed methodologies.

1.1 Affordances

Definition and properties. Originally introduced by Gibson [45], affordances refer

to the potential actions offered by the objects and environments to an agent, specifically

in relation to the agent’s motor and perception capabilities. Affordances encompass

all possible actions enabled by the environment, making them well-suited to model

complex and dynamic scenarios. For example, a chair may afford sitting, standing on,

hanging items, blocking a door or serving as climbing aid. Gibson also emphasizes

affordances as relational properties-that is, they emerge from the interaction between

the agent, the object, and the surrounding environment-thus intrinsically linking per-

ception and action. As Figure 1.3 shows, the affordances explain the different ways to

interact with an object, and the potential actions that it offers. Due to this inherent

connection between perceptual input and motor capabilities, the theory of affordances

has inspired multiple works in robotics [46–51], enabling more natural interactions [49]

and supporting more complex dexterous manipulations [50, 52]. In the context of

computer vision, affordances provide a functional interpretation of objects [39, 53–64],

enhancing generalization by abstracting beyond object category to action potential.

They also support richer scene understanding [37,65,66], provide anticipatory cues for

predicting future interactions [53, 67, 68] and serve as context-specific priors derived

from expert demonstrations [69].

Detection. Classical approaches to affordance detection address the problem inde-

pendently from the actual human-object interaction, resulting in “ungrounded” meth-

ods. These models are fully supervised using labeled masks, providing a precise local-

ization very beneficial for applications such as robotic grasping [52, 70]. However, the

requirement of manual masks limits the scalability of training datasets [54–57]. Given

their similarity to semantic segmentation and object detection tasks, these methods

typically adapt widely used architectures, such as encoder-decoder networks [71] or

proposal-based detectors [58–60]. In Chapter 2, I begin my research following this un-

grounded approach, proposing a Bayesian instance segmentation model that accurately

segments objects parts according to their affordance labels. My main contribution is

the introduction of Bayesian deep learning techniques, enabling the uncertainty quan-
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Figure 1.3: Concept of affordances. Left: a flat door only affords pushing. Right:
a door with a bar handle affords both pulling or pushing.

tification, demonstrating improved calibration and superior performance compared to

equivalent deterministic methods.

However, the close tight of the egocentric camera to the user provides a signifi-

cant opportunity to capture fine-grained interactions directly by watching videos. This

advantage is leveraged by “grounded” methods [39, 53, 57, 61–64], which learn affor-

dance regions from human-object interactions using weak supervision based only on

action labels. Demo2Vec [72] infers affordance keypoints from demonstration videos

using action labels, Nagarajan et al. [53] identify interaction hotspots by extracting

gradient-weighted attention maps from a video classifier, LOCATE [63] applies class

activation mapping [73] on DINO-ViT [74] features to localize interaction regions and

Yang. et al [64] transfer 2D image-based affordances to 3D point clouds using a multi-

modal paired dataset. Following, Luo et al. [57] proposed transferring affordance un-

derstanding from exocentric images to the egocentric perspective utilizing semantic

labels as supervision, while Ego-Topo [39] constructed a topological graph of the scene

to classify affordances from egocentric videos. However, existing grounded approaches

have notable limitations in perception, as they are typically constrained to interaction

hotspots [53,63,64,72], image-level classification [39] or single-label segmentation [57].

To address these limitations, in Chapter 3, I introduce EPIC-Aff, the largest dataset

of grounded affordances to date, which provides comprehensive, multi-label pixel-wise

affordance annotations extracted from real-world interactions.

Mapping. When humans interact repeatedly within a familiar environment, we de-

velop a form of physical cognition [75] that associates the spatial geometry with the

objects and their attributions, effectively linking physical zones of interaction to the
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activities they support. This process bridges the agent’s capabilities with the surround-

ing environmental context. For example, a frying pan is associated with cooking when

placed on a hob, whereas it affords washing when located near a dishwasher. Most ex-

isting works that relate semantics and geometry from egocentric video data primarily

focus on semantic segmentation [76, 77] or tracking dynamic objects [40, 75, 78]. How-

ever, only a few studies investigate how action functionalities are grounded in specific

3D locations. Rhinehart et al. [65] learned 2D functional maps of actions, Liu et al. [66]

recognized and localized activities within 3D voxel maps, and EPIC-Fields [37] regis-

tered dense camera poses in EPIC-Kitchens videos, demonstrating how object function-

alities are tied to specific 3D regions in the environment. Motivated by these insights, in

Chapter 3, I propose to integrate predicted 2D affordances with their corresponding 3D

spatial location. By leveraging pre-extracted camera poses, this approach constructs

a multi-label affordance map, enabling an environment representation in which affor-

dances are expressed as relational properties between activity-centric regions. Rather

than being a passive physical space, the environment becomes a set of activity-centric

zones. Therefore, I leverage this multi-label affordance mapping to present a proof of

concept for task-oriented navigation, in which the agent is guided from one location

to another based on the final goal task. Then, in Chapter 5, I introduce a dynamic

neural radiance field that distills video-language features from egocentric video. These

features, pre-trained via contrastive learning by aligning narrative descriptions with

videos, effectively localize the interaction hotspot corresponding to actions described

in free-form language.

Forecasting. Studies such as [79] highlight that humans activities tend to exhibit

consistent patterns across similar environments. Therefore, modeling the affordances

distribution within a given environment provides informative cues about potential ac-

tivities in novel, yet structurally similar, environments. Despite the promise of affor-

dances for understanding human behavior, only a few works have explored their use in

forecasting skills. Montesano et al. [51] predicted affordance effects for human-robot

interaction, Nagarajan et al. [39] demonstrated that topological maps encoding scene

affordances can improve long-term action anticipation and Koppula et al. [47] modeled

object affordances to predict human behavior through the motion trajectories of both

objects and agents. Other works [62, 67, 68, 80] track the past hand movements to

predict the future hands location and infer the candidate regions with the next inter-

action. For instance, Liu et al. [67] highlighted how interaction hotspots predicted by

forecasting hand motion can support action anticipation.

In Chapter 6, I propose leveraging environment affordances to enable grounded and
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more accurate short-term object interaction anticipation. First, a robust representation

of affordances in the training set is extracted, composed by activity-centric zones.

Given a new video, the model associates it with similar environments via an attention

mechanism, capturing the distribution of feasible interactions. While environment

affordances indicate likely objects and potential actions, they do not specify where the

interaction will occur. Following prior work [67, 68], my proposed method observes

frames, hands, and objects to predict the interaction hotspot. This hotspot is then

used to re-weight the confidence scores of short-term anticipation predictions, reducing

the influence of false positives in regions unlikely to involve interaction.
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Figure 1.4: My thesis research. First, I propose to learn visual models of objects,
affordances and environments for improving egocentric perception. Then, I apply these
models in embodied tasks such as mapping or forecasting. In the last part, I explore
how other modalities, such as language or third-person videos, complement egocentric
perception. I denote as ** those works under review.

1.2 Outline

In this thesis, I advance egocentric perception by developing methods to learn visual

models of objects, affordances, and environments, complemented by multi-modal in-

formation such as language and third-person viewpoints. Figure 1.4 shows a visual

summary of my research. I consistently leverage affordances to improve key tasks such

as detection, mapping, and forecasting. Specifically, my research is structured around

the following problems:

− Learning visual models of objects. I first study in Chapter 2 how to segment

object-part affordances and quantify the uncertainty using Bayesian deep learning

techniques.

− Learning visual models of environments. Individual objects are not isolated

in the real world; rather, they are part of a physical space the -environment- [81]

that creates interconnections through their spatial configuration and functional

relationships. To capture this structure, I propose a series of models for environ-

ment representation in Chapters 3 to 5.
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− Forecasting the short-term object interaction. While the previous models

focus on understanding the present or encoding the perceived environment, in

Chapter 6 I introduce methods to anticipate the next object interaction.

− Exploiting multi-modal cues for complementing egocentric vision. I

investigate how additional modalities—such as natural language (Chapter 7) or

synchronized third-person videos (Chapter 8)—can complement egocentric visual

understanding.

1.2.1 Learning visual models of objects.

I begin this thesis by learning visual models of object-part affordances-i.e., specific

regions in the image that afford potential interactions. As a first step toward egocen-

tric perception, a simple world model can be modeled as a set of functional objects

distributed around the actor, where each object part affords a distinct interaction.

This modeling is particularly relevant in visual prostheses for visually impaired peo-

ple [9], where accurate affordance localization is essential to indicate crucial actionable

regions—e.g., the handle of a knife affords grasping, while the blade affords cutting.

Similarly, AR devices can provide expert-based guidance by highlighting relevant com-

ponents—such as illuminating parts of a new engine for a novice mechanic—thereby

facilitating intuitive procedural understanding and execution.

Particularly, in Chapter 2, I introduce a Bayesian instance segmentation model that

accurately segments objects parts with the respective potential interaction label and

quantifies the uncertainty of the predictions. As traditional deep learning models are

overconfident sensors with low interpretability, they produce misclassified predictions

with high confidence [82]. Therefore, incorporating Bayesian deep learning techniques

is the basis for a more interpretable and robust egocentric perception [83]. My proposed

uncertainty estimation is decomposed in semantic (associated with the affordance class)

and spatial (related with the mask probability of encompassing an object). In each

term, the contributions of the epistemic and aleatoric components are also computed,

respectively. This part is presented in the following works:

− Lorenzo Mur-Labadia, Ruben Martinez-Cantin, and Jose J Guerrero. Bayesian

deep learning for affordance segmentation in images. In IEEE International Con-

ference on Robotics and Automation (ICRA) Core Ranking A*, pages 6981–6987,

2023

− Lorenzo Mur-Labadia, Ruben Martinez-Cantin, and Jose J Guerrero. Uncer-

tainty Estimation in Instance Segmentation of Affordances via Bayesian Visual
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Transformers. In Pattern Recognition Q1, (Under Review)

1.2.2 Learning visual models of environments

While learning visual models of the object affordances provides valuable information

about their functionalities, it is insufficient for understanding the real-world. Indi-

vidual objects are not isolated; rather, they are embedded within a broader physical

space—the environment—which defines the context in which interactions occur [81].

The environment encompasses the spatial configuration of objects, their relative posi-

tions to the observer, and the functional relationships that emerge from this structure.

For example, in human-robot collaboration, the environment is the common basis for

grounding the different interactions. Similarly, assistive devices with such capabilities

could track the 3D location of dynamic objects and improve their episodic memory

capabilities, delivering spatial audio cues with the location of a specific lost object.

In the following chapters, I introduce different approaches for capturing this struc-

ture, including multi-label affordance point-clouds, semantic voxel maps and dynamic

image-video feature fusion fields.

In Chapter 3, I begin by constructing a multi-label affordance map that spatially

links activity-centric zones. I first leverage this environment representation to develop a

pipeline that automatically generates multi-label, pixel-wise, and grounded affordance

annotations; representing a significant improvement over the ungrounded, single-label

model introduced in Chapter 2. Next, I extend classical segmentation models with

a multi-label prediction head to capture more diverse interaction regions, based on

the assumption that a single object can afford multiple actions. Using camera pose

estimation, I project the predicted affordance regions onto a 3D point cloud to generate

a spatial map. Then, I show that this multi-label mapping can guide autonomous

agents in task-oriented navigation. This work was published in ICCV 2023:

− Lorenzo Mur-Labadia, Jose J Guerrero, and Ruben Martinez-Cantin. Multi-label

affordance mapping from egocentric vision. In Proceedings of the IEEE/CVF In-

ternational Conference on Computer Vision Core Ranking A*, pages 5238–5249,

2023.

However, as this mapping approach assumes an static scene, it does not incorporate

any temporal aggregation strategy; i.e., the predictions are not fused into a voxel grid

or 3D surface, but they are simply projected (and accumulated) onto the 3D point

cloud. Temporal fusion cannot be performed directly in the point cloud domain as the

reconstructed 3D points lack stable correspondences across frames due to dynamic scene

changes and depth estimation variability, which are required for an effective temporal
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fusion. To address these limitations, in Chapter 4, I introduce a Bayesian semantic

mapping that fuses predictions in a semantic voxel map. First, I propose a novel

fusion strategy that regularizes the observations to mitigate the impact of prediction

bias. Second, I incorporate epistemic uncertainty from the predictive distribution of

the Bayesian neural network to reduce the influence of overconfident outlier predictions

and to yield a more robust semantic voxel-map. This work, carried out in collaboration

with David Morilla-Cabello, was published at IROS 2023:

− David Morilla-Cabello*, Lorenzo Mur-Labadia*, Ruben Martinez-Cantin, and

Eduardo Montijano. Robust fusion for Bayesian semantic mapping. In IEEE/RSJ

International Conference on Intelligent Robots and Systems (IROS). Core Rank-

ing A, 2023

However, these two proposed solutions are based on explicit functions of the envi-

ronment (point clouds and voxel maps, respectively). These explicit functions directly

store the geometry and semantic information of the scene in a discrete form, where each

voxel or point carries a semantic label. While such representations offer a straightfor-

ward approach to associate semantic information with the geometric structure, they

are subject to inherent limitations. First, the scene size grows linearly with the number

of frames, making scalability challenging. Second, the encoded information is typically

limited to discrete semantic labels, where these representations tend to be sparse in

less frequently observed areas. Finally, explicit functions are inherently rigid, which

complicates the modeling and tracking of dynamic objects, widely present in egocen-

tric videos. In contrast, humans develop an implicit model of the environment through

repeated interactions, allowing them to infer unobserved structures, predict object be-

havior, and adapt to dynamic changes. Implicit functions, particularly those based

on neural fields, provide a powerful alternative by capturing continuous and compact

encodings of both geometry and semantics without relying on explicit discretization.

Here, the scene is defined as the level set of a continuous function parameterized by a

neural network, which maps spatial coordinates to scene properties such as occupancy

or semantics.

Building on this insight, my latest contribution introduces an implicit neural repre-

sentation capable of jointly modeling geometry, appearance, and semantic understand-

ing from egocentric videos. Specifically, I propose Dynamic Image Video Feature Fields

(DIV-FF), a language-embedded feature field that hierarchically decomposes the scene

into three components: the actor, the dynamic objects, and the persistent environ-

ment. Although this provides a persistent long-term representation, it is dynamically

updated as the user interacts, enabling a precise record of the location and state of
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dynamic objects at every moment. This work was presented, and selected as Highlight,

during the CVPR 2025 conference:

− Lorenzo Mur-Labadia, Jose J. Guerrero, and Ruben Martinez-Cantin. DIV-FF:

Dynamic Image-Video Feature Fields for environment understanding in egocen-

tric videos. Highlight in IEEE/CVF Conference on Computer Vision and Pattern

Recognition (CVPR) Core Ranking A*, 2025

1.2.3 Forecasting the short-term object interaction.

Anticipating the future is a fundamental embodied skill for autonomous agents, allow-

ing them to act proactively in dynamic environments. For instance, a home assistant

robot can plan tasks toward long-term goals, such as preparing ingredients in advance

for a cooking recipe. In human-robot collaboration, anticipation enables temporal co-

ordination and improves safety during complex joint manipulation. Similarly, a visual

assistive device can help users avoid small obstacles, reducing the risk of collisions and

falls. In Chapter 6, I address the Short-Term object interaction Anticipation (STA)

task [26], which involves the simultaneous prediction of the action and object category,

the object’s future bounding box, and the time to contact.

My first contributions are STAformer and STAformer++, two novel end-to-end

architectures specifically designed for the STA task. These models take as input a

high-resolution image, complemented by a low-resolution video. The architectures in-

corporate attention-based components to facilitate image-video fusion, where the image

provides fine-grained details of the scene complemented with the action dynamics from

the video. The STAformer prediction head is based on Faster-RCNN [84], a proposal-

based convolutional object detection architecture. In contrast, STAformer++ is a more

advance version that leverages Detection Transformers (DETR) [85], a transformer-

based approach that replaces traditional region proposals and post-processing with a

direct set prediction mechanism, leading to improved detection accuracy in an end-to-

end pipeline.

So far, I described how to detect affordances with uncertainty quantification (Chap-

ter 2) or building environment representations (Chapters 3 to 5). While these models

primarily enhance perceptual capabilities, the following section focuses on leveraging

affordances as strong priors that encode future interactions. The core intuition is as fol-

lows: since affordances represent the set of possible actions in a given environment, an

ideal affordance representation should inherently capture the user’s next interaction. In

this sense, affordances provide a natural bridge between perception and forecasting, by

grounding predictions in past observed human behavior. The first approach, described

12



in Section 6.5.2, first builds an affordance database by extracting activity-centric zones

from the training set videos. Then, an input observation is matched to a set of zones in

the database. Only at inference time, the environment affordance priors—represented

as verb and noun probability distributions—are used to refine the predicted verb and

noun probabilities. A more advanced version, described in Section 6.5.3, also integrates

environment affordances during training. Here, an attention mechanism links the in-

put observation to relevant candidates in the affordance database. This learned prior

guides the model toward more accurate and semantically grounded predictions. Lastly,

I re-weight the STA confidence scores based on the probability values at the bounding

box center coordinates, reducing confidence in false positive predictions that fall far

from the interaction hotspot. A seminal part of this work was presented in ECCV 2024,

and a follow-up version is currently under review. Besides, the STAformer architecture

achieved the 2nd position at the Ego4D STA Challenge during the EgoVIS Workshop

at CVPR 2024.

− Lorenzo Mur-Labadia, Ruben Martinez-Cantin, Jose J Guerrero, Giovanni Maria

Farinella, and Antonino Furnari. ZARRIO@ Ego4D Short Term Object Interac-

tion Anticipation Challenge: Leveraging Affordances and Attention-based models

for STA. 2nd Position at Ego4D STA Challenge during EgoVIS Workshop CVPR

2024. arXiv preprint arXiv:2407.04369, 2024.

− Lorenzo Mur-Labadia, Ruben Martinez-Cantin, Jose J Guerrero, Giovanni Maria

Farinella, and Antonino Furnari. Aff-ttention! affordances and attention mod-

els for short-term object interaction anticipation. In European Conference on

Computer Vision. Core Ranking A*, pages 167–184. Springer, 2024

− Lorenzo Mur-Labadia, Ruben Martinez-Cantin, Jose J Guerrero, Giovanni Maria

Farinella, and Antonino Furnari. Integrating Affordances and Attention models

for Short-Term Object Interaction Anticipation. In IEEE Transactions on Pat-

tern Analysis and Machine Intelligence. (Under Review)

1.2.4 Exploiting multi-modal cues for complementing egocen-
tric vision.

In the previous chapters, I introduce different alternatives for learning objects, envi-

ronments and affordances by watching exclusively egocentric videos. However, recent

wearable devices [86] are equipped with extra sensors such as microphones, wireless con-

nectivity, IMU and monocular cameras, complementing first-person video with other
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modalities. In this final section, the proposed approaches combine egocentric video

with language (Chapter 7) and the exocentric perspective (Chapter 8), respectively.

Aligning egocentric video with natural language is a crucial step to equip au-

tonomous agents with a more natural communication. With the advent of Large Lan-

guage Models (LLMs), this alignment has emerged as a promising avenue for bridging

vision and language in real-world settings. For instance, a visual assistive device could

retrieve the location of a specific object in a video based on user descriptions. Similarly,

robots could exploit internet-scale instructional videos by parsing them into structure

sequences of steps, facilitating a posterior imitation learning [87]. Specifically, I attempt

the Step Grounding (SG) [3] task, which involves localizing the temporal boundaries of

specific activities—described in free-form natural language—within long, untrimmed

egocentric videos. Unlike traditional temporal action segmentation approaches [88–93],

which are constrained to a closed set of action labels, the SG task benefits from the

flexibility of open-vocabulary language descriptions. Moreover, it requires handling

extremely long video sequences—often spanning several hours—with a long-tail distri-

bution of step durations.

To address these challenges, I introduce Bayesian-VSLNet, a test-time refinement

strategy that integrates temporal-order priors into the predictions. This simple yet

effective refinement is guided by Bayes’ theorem to align predictions according to the

sequential order of steps, correcting common issues such as step repetition and cyclic

actions. As a result, this method achieves state-of-the-art results on the Ego4D Goal-

Step benchmark [3]. The work introduced in Chapter 7, done in collaboration with

Carlos Plou, won the SG Ego4D challenge at the EgoVis Workshop during CVPR 2024.

Next, a follow-up journal version is under review.

− Carlos Plou*, Lorenzo Mur-Labadia*, Ruben Martinez-Cantin, and Ana C Murillo.

CarLor@ Ego4D Step Grounding Challenge: Bayesian temporal-order priors for

test time refinement. Winner Solution at Ego4D Step Grounding challenge during

EgoVis Workshop CVPR 2024 arXiv preprint arXiv:2406.09575, 2024.

− Carlos Plou*, Lorenzo Mur-Labadia*, Ruben Martinez-Cantin, and Ana C Murillo.

Temporal Video Segmentation with Natural Language using Text-Video Cross

Attention and Bayesian Order-priors. In Recent Advances in Assistive Computer

Vision and Robotics Special Issue of Computer Vision and Image Understanding

Journal, (Under Review)

As a final step in this thesis, I investigate how to integrate the egocentric perspec-

tive with the third-person view. Understanding the world from multiple viewpoints
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is essential for intelligent systems operating in coordination, yet segmenting common

objects across different views remains an open challenge. For instance, autonomous

robots could replicate more effectively human demonstrations, or augmented reality

systems could leverage external cameras to guide full-body pose estimation during su-

pervised physical training. In this final part, I address the Ego-Exo4D Correspondence

task, which aims to predict an object’s mask in one view given a query mask from the

other. Unlike traditional segmentation problems, this task presents additional chal-

lenges, including drastic viewpoint changes, scale variations, occlusions, and domain

shifts caused by differences in camera optics and imaging conditions.

My solution, simple yet effective, redefines the complex cross-image segmentation

task by reformulating it as object mask matching across egocentric and exocentric

views, leveraging the powerful zero-shot segmentation capabilities of Segment Any-

thing Models (SAM) [94,95]. Object mask candidates are first extracted in the target

view using FastSAM. Each candidate is then encoded with a Mask-Context Encoder

that pools dense DINOv2 features, capturing both discriminative object details and

surrounding contextual information. To enhance discrimination in cluttered scenes,

a Hard Negative Adjacent Mining strategy selects neighboring objects as challeng-

ing negatives. Cross-view alignment is further improved through a novel Ego↔Exo

Cross-Attention mechanism. The model is trained using a Mask Matching Contrastive

Loss, which enables effective cross-view object correspondence by aligning both global

scene context and fine-grained object features. This work, in collaboration with Maria

Santos-Villafranca won the Ego-Exo4D Correspondence Challenge at the EgoVis Work-

shop during CVPR 2025, and a extended version was presented during ICCV 2025.

− Lorenzo Mur-Labadia*, Maria Santos-Villafranca*, Jesus Bermúdez Cameo, Ale-

jandro Perez Yus, Ruben Martinez-Cantin and Jose J. Guerrero. O-MaMa @

Ego-Exo4D Correspondence Challenge: Object Mask Matching between Ego-

centric and Exocentric Views. Winner solution at EgoExo4D Correspondences

challenge during EgoVis Workshop CVPR 2025.

− Lorenzo Mur-Labadia*, Maria Santos-Villafranca*, Jesus Bermúdez Cameo, Ale-

jandro Perez Yus, Ruben Martinez-Cantin and Jose J. Guerrero. O-MaMa:

Learning Object Mask Matching between Egocentric and Exocentric Views. In

International Conference on Computer Vision. Core Ranking A*, 2025.
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1.3 Other Merits

In addition to the aforementioned publications, I have carried out several other aca-

demic activities, including student supervision, teaching collaborations, and interna-

tional mobility.

Student Supervision

1. Miguel Marcos. Master’s Thesis: GPianoroll: a Deep Learning System with

Human Feedback for Music Generation, MSc in Robotics, Graphics and Computer

Vision. Final grade: 9.5/10, with honors. This work was later extended into a

journal article currently under review: Rotational Random Embedding Bayesian

Optimization for Human-in-the-Loop Music Generation, by Miguel Marcos, Lorenzo

Mur-Labadia, and Rubén Mart́ınez-Cant́ın, 2025.

2. Alejandro de Nova Guerrero. Master’s Thesis: Language-aware Neural Fea-

ture Fusion Fields for Egocentric Video, MSc in Robotics, Graphics and Com-

puter Vision. Final grade: 9.5/10.

3. Maŕıa Peribáñez. Research Internship: Revisiting Environments through Language-

Aware Neural Feature Fields, MSc in Robotics, Graphics and Computer Vision,

2025.

4. Diego Lara. Bachelor’s Thesis: Deep Learning Applications for Visual Assistive

Devices, BSc in Industrial Technologies Engineering, 2025.

Teaching Collaborations

1. 2024/2025 – Machine Learning, MSc in Robotics, Graphics and Computer Vision.

2. 2023/2024 – Automatic Systems, BSc in Mechanical Engineering.

3. 2022/2023 – Industrial Robotics and Automation, BSc in Industrial Technologies

Engineering.

4. 2022/2023 – Computer Vision and Robotics, MSc in Industrial Technologies En-

gineering.

International Experience I conducted a research stay at the University of Catania

(Italy) from September to December 2023. Additionally, I participated in the 2024

edition of the International Computer Vision Summer School (ICVSS). Most recently,
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I will carry out a research internship at META Fundamental Artificial Intelligence

Research (FAIR) in Paris, from July to December 2025, under the supervision of Adrien

Bardes and Yann Le Cun working on the JEPA team.
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Part I

Learning visual models of objects
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Chapter 2

Uncertainty Estimation in Instance
Segmentation of Affordances

I begin this thesis by learning visual models of object-part affordances—i.e.,

specific regions in the image that afford potential interactions. This mod-

eling is particularly relevant in visual prostheses for visually impaired peo-

ple [9], where accurate affordance localization is essential to indicate crucial

actionable regions—e.g., the handle of a knife affords grasping, while the

blade affords cutting. Particularly, I introduce a Bayesian instance segmen-

tation model that accurately segments objects parts with the respective

potential interaction label and quantifies the uncertainty of the predictions.

The uncertainty estimation is decomposed in semantic (associated with the

affordance class) and spatial (related with the mask probability of encom-

passing an object). In each term, the contributions of the epistemic and

aleatoric components are also computed, respectively.

2.1 Introduction

Rooted in Gibson’s foundational theory of perception, affordances are the potential

actions that the environment offers to the agent based on its motor capabilities [45].

When transferred to autonomous robots [46], affordances would make them interact

more naturally [47–49, 58] and obtain better grasping capabilities [50, 52]. In Aug-

mented Reality (AR) systems, leveraging actions learned from expert demonstrations

enhances user experience by providing context-specific guidance [69]. For instance, an

AR assistive device could illuminate parts of a new engine model for a mechanic, indi-

cating the appropriate procedural actions, thereby facilitating a more intuitive repair

process. Similarly, the constrained resolution of visual assistive devices for the visually

impaired [9] necessitates the isolation of specific regions indicative of potential user

actions. Such applications require a detailed scene understanding that prioritizes lo-

21



calized affordance regions compared with diffuse saliency maps [53,72]. In this chapter,

we segment the object boundaries and classify the affordable action associated with

each object part, obtaining pixel-wise precision with a detailed estimation of the spatial

and semantic uncertainty.

Recent advances in deep learning have enhanced visual perception: object detection

[12,96,97], action anticipation [28,29,98,99], affordances detection [39,53,58] or hand-

object interaction anticipation [32,62,100,101] are some examples of the improvements

in this area. However, despite the significant advances in performance, deep neural

networks are overconfident sensors with low interpretability, producing misclassified

predictions with high confidence [82]. In this chapter, we overcome these deficiencies

with Bayesian deep learning alternatives, which produce better-calibrated probabilities

with uncertainty estimation, obtaining a more interpretable and robust perception

[83,102].

Uncertainty estimation in the problem of instance segmentation of affordances aims

to accurately segment object parts, classify them based on potential interactions, and

quantify uncertainty for a more robust perception. A Bayesian detection model, in-

spired in Mask-RCNN [12] is extended with intermediate sampling layers for enhanced

performance and uncertainty quantification. During inference, our proposed sampling-

based approach executes N forward passes, generating multiple predictions—termed

detections—from the same input. The detections are then clustered based on their

spatial and semantic affinity in observations, thereby enhancing the model’s reliabil-

ity. Comparing the distribution of the grouped observations, we extract the epistemic

and aleatoric variance both at spatial and semantic levels. The spatial uncertainty is

associated with the binary probability of having a mask around an object, thus reveal-

ing pixel-level spatial uncertainty. Semantic uncertainty is derived from the variability

within the class probability vectors, highlighting discrepancies in assigning an afforded

action to the object part. In summary, our contributions in this chapter are as follows:

− We extend affordance segmentation to a probabilistic stage, extracting a per-pixel

estimation of the aleatoric and epistemic variance at the spatial level.

− We compare different techniques for uncertainty estimation: Monte-Carlo Dropout

(MC-Dropout) [103], Mask Ensembles (Mask-Ens) [104], Deep Ensembles (Deep-

Ens) [105], and Snapshot Ensembles (Snap-Shot) [106].

− We design the novel Probability-based Mask Quality (PMQ) metric that evaluates

the uncertainty estimation of the predictions.

− The results achieve a new state of the art at 90.6 % on the Fw
β score, which rep-
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resents +7.4 percentage points of improvements compared with previous works

in the IIT-Aff dataset. We report detailed ablation studies on the Bayesian tech-

niques and the disposition of the sampling layers within the architecture, showing

the benefits of Bayesian models over their respective deterministic versions.

The results presented in this chapter were initially published in ICRA 2023 and

later extended in a follow-up version currently under review at Pattern Recognition

Letters.

− Lorenzo Mur-Labadia, Ruben Martinez-Cantin, and Jose J Guerrero. Bayesian

deep learning for affordance segmentation in images. In IEEE International Con-

ference on Robotics and Automation (ICRA) Core Ranking A*, pages 6981–6987,

2023

− Lorenzo Mur-Labadia, Ruben Martinez-Cantin, and Jose J Guerrero. Uncer-

tainty Estimation in Instance Segmentation of Affordances via Bayesian Visual

Transformers. In Pattern Recognition Q1, (Under Review)

2.2 Related works

2.2.1 Visual perception of affordances

Gibson’s psychological theory of affordances [107] has inspired multiple computer vi-

sion works due to its applications in robotics [47–50, 52, 58, 108], augmented reality

systems [9], or scene understanding [38,39,69]. Koppula et al. [109] use support vector

machines to model jointly human activities and object affordances for robot-assisted

tasks. Following, Koppula et al. [47] anticipate future human activities through object

affordances. The work by Montesano et al. [108] addresses the learning of affordances

through robot-environment interactions using a Bayesian network model. Detailed

affordance masks are exploited by Yang et al. [50] for learning a better robot manip-

ulation by selecting accurately between pickable and placeable objects. Ego-Topo [53]

constructed an affordance topological obtaining activity-centric zones on the nodes

and used this representation for long-term activity recognition, showing the potential

of affordances in video understanding. Mur-Labadia et al. [38] build a 3D multi-label

mapping of affordances, which was exploited in task-oriented path planning.

In terms of perception affordance models, supervised approaches [54, 55, 58–60, 71]

learn by direct supervision of manual annotated affordances masks, providing pixel-

wise precision and more accurate location, very beneficial for robot grasping [52, 70].

The seminal UMD dataset [54] provides mask annotations for RGB-D images, but
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the dataset is composed of pre-defined objects captured in isolated conditions. The

IIT-Aff dataset [55] comprises real-world objects in multiple environments, enabling

a better generalization in real conditions. Synthetic data reduces the cost of manual

annotations, but the simplicity of the supervised synthetic images and the dataset gap

limits its performance in real-world scenarios [110]. Nguyen et al. [71] introduced a

convolutional encoder-decoder to learn affordances from a deep latent space, which

was further refined using feature maps with Conditional Random Fields in a post-

processing step in a subsequent work [55]. Affordance-Net [58] adapted an object

detection for affordance perception with three significant contributions: a multi-task

loss function, a resizing strategy, and a sequence of deconvolutional layers for producing

high-resolution masks. Minh et al. [59] extended Do et al. [58] methodology by inte-

grating ResNet101 for superior feature extraction and the Feature Pyramid Networks

(FPN) to amalgamate multi-scale features, thereby elevating segmentation precision.

Caselles et al. [60] demonstrated the effectiveness of reusing standard instance seg-

mentation models for affordance perception. In our previous work [111], we shown

that Bayesian models outperform their deterministic counterparts due to better mask

refinement and generalization capabilities. Weakly supervised approaches learn from

watching human-object interactions [39,72,112] but obtain diffuse interaction hotspots

rather than precise affordance masks on the object part. The AGD20K [57] is a large-

scale affordance dataset with egocentric and exocentric images, but it contains only the

affordance label per image. Demo2Vec [72] inferred affordance key points on a static

object by watching demonstration videos of the respective interaction using only the ac-

tion label as supervision. Similarly, Nagarajan et al. [53] obtained interaction hotspots

by extracting gradient-weighted attention maps from training an action classifier on

videos. LOCATE [63] extracted interaction regions from an exocentric observation

using the class activation mapping technique [73] from DINO-ViT features [74]. Zhai

et al. [113] used collaboration learning for extracting common characteristics between

objects with the same affordance. Yang et al. [64] presented a domain transfer from

2D interactions in images to the 3D object point cloud supported with a novel dataset

with paired point cloud-image affordance data.

2.2.2 Neural Network Uncertainty Quantification

In the last years, the growing interest in uncertainty quantification has originated differ-

ent approaches [114–119]. Sampling-based methods [103,104] incorporate intermediate

sampling layers to train a single model, quantifying the uncertainty by comparing the

divergence in the different predictions. Similarly, ensemble methods [105, 106] require

training multiple models to capture the diversity in the predictions. Feature-space
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techniques [120–124] estimate the uncertainty with a single-pass by measuring the dis-

tance or density of the sample compared with the training data distribution in the new

space.

Following the success of transformers in Natural Language Processing (NLP) tasks

[14], attention-based architectures have been extended for uncertainty quantification.

BayesFormer [125] applies a variational inference-based dropout framework within the

transformer architecture, demonstrating its efficacy in NLP. On active learning tasks,

Gleave et al. [126] propose a last-layer ensemble for uncertainty estimation. However,

their estimated epistemic uncertainty is poorly calibrated since the ensemble models are

very similar to each other. The proposed Uncertainty-Guided Transformer Reasoning

by Yang et al. [127] uses the uncertainty estimation to guide the transformer and learn

better the ambiguities present in camouflaged object detection. Following, [128] uses

epistemic uncertainty estimation to guide both the training and inference processes.

They approximate the scaled dot-product by sampling from a Gaussian distribution

with an NLL loss. Uncertainty-based attention can identify more informative regions

and improve the model robustness [129].

The uncertainty estimation increases the interpretability and robustness of deep

neural networks, with applications in the robotics perception, mapping, and planning

stages. In terms of perception, as Kendall et al. [83] shown on computer vision ap-

plications, the epistemic term appears in challenging pixels or occluded objects out of

the distribution. Oppositely, aleatoric uncertainty appears in the object’s contours or

in far-away regions with higher camera noise [130,131]. Other works show the benefits

of uncertainty quantification in different tasks. Miller et al. [132] employ the epis-

temic uncertainty to identify false positive detections in object classification. Morilla

et al. [102] combine Bayesian semantic predictions to mitigate the effect of overconfi-

dent outlier predictions and build more robust semantic maps. Feng et al. [133] reflect

the environmental noise in Lidar sensors [134]. In active learning, the uncertainty is

useful for selecting the most informative samples [135,136] or for guiding the navigation

in unseen areas [137].

2.3 Bayesian Instance Segmentation of Affordances

We start by detailing the theoretical foundations behind sampling-based methods for

Bayesian deep learning. Then, we introduce our novel Bayesian instance segmentation

model, capable of extracting uncertainty and segmenting object affordances. Our goal

is to capture epistemic and aleatoric uncertainty [138] for both the semantic category

(i.e., the affordance class) and the mask object contour.
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2.3.1 Uncertainty estimation in Bayesian deep learning

Let f(·,w) be a deep neural network with model parameters w and D = {X,Y} be

a training dataset with different inputs images X = {X1, ...,XN} and labels Y =

{y1, ...,yN}, where N is the dataset size. Placing a prior distribution p(w) on the

neural networks weights of the Bayesian neural network, the posterior distribution

over the model parameters results in:

p(w|D) =
p(D|w)p(w)

p(D)
=

∏N

i=1 p(yi|Xi,w)p(w)

p(D)
. (2.1)

The problem of Bayesian deep learning is that the true posterior p(w|D) in the

general case is intractable, as the marginal probability p(D) requires solving a high

dimensional integral:

p(D) =

∫

W

p(D|w)p(w)dw. (2.2)

Furthermore, in the case of uncertainty estimation, we need to propagate the model

uncertainty to the predictive distribution, to see how it affects the network predictions.

For that, we also need to solve another high dimensional integral for the predictive

posterior distribution,

p(y∗|X∗,D) =

∫

W

p(y∗|X∗,w)p(w|D)dw, (2.3)

where y∗ corresponds to the prediction of a new image X∗. As commented before, we

are going to study a set of sample-based approaches to approximate the true posterior

distribution p(w|D). This results in computing a sampling distribution of network

weights {wm}Mm=1 ∼ q(w) where q(w) is the approximate distribution of the true

posterior. Thus, this results in the following approximation of equation (2.3):

p̂(y∗|X∗,D) ≈ 1

M

M
∑

m=1

f(X∗,wm). (2.4)

For simplicity, in the following sections, we consider that for every detection, the net-

work outputs a class probability vector pm = f(X∗,wm) associated to a the m-th

sample. Therefore, we rewrite equation (2.4) as p̄ = 1
M

∑M

m=1 pm.

2.3.2 Sampling-based and ensemble methods

We compare several sampling-based and ensemble methods for quantifying uncertainty,

including Monte Carlo dropout (MC-Dropout) [103], Mask Ensembles (Mask-Ens)

[104], Deep Ensembles (Deep-Ens) [105], and Snapshot Ensembles (Snap-Ens) [106]. A

common characteristic of these methods is that, at inference time, they perform M mul-

tiple forward passes, resulting in a set of M samples of the prediction, {pm}Mm=1, that
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approximate the posterior predictive distribution p̂(y∗|X∗,D), as shown in Equation

(2.4).

Monte Carlo [103, 115] approaches generate a sample distribution of the network

weights {wm}Mm=1 from the posterior distribution. MC-Dropout, introduced by Gal

et al. [103], obtains M weight samples by first training the network and obtaining an

optimal set of parameters from the maximum posterior distribution w∗ = wMAP . The

sampling distribution is then generated by applying dropout at inference, effectively

multiplying the optimal weights by a Bernoulli-distributed mask, Ber(d), which de-

termines whether a neuron is dropped. This results in the sampled weights {wm}Mm=1,

where wm = w∗ · zm with zm ∼ Ber(d). In practice, this is equivalent to keep-

ing dropout layers active at inference. While MC-Dropout effectively minimizes the

Kullback-Leibler divergence between the true posterior p(w|D) and a tractable varia-

tional approximation qθ(w) [103], the correlation between wm samples may lead to an

underestimation of the uncertainty.

Mask-Ens [104] also trains a single model with intermediate sampling layers, similar

to MC-Dropout. However, unlike the stochastic nature of random dropout, Mask-Ens

pre-computes a set of binary masks that, when applied, create M sampling layers with

mask-based dropout. Mask-Ens offer two key advantages over MC-Dropout. First, the

sampling masks exhibit lower correlation, leading to improved calibration performance

[104]. Second, because the masks can be predefined, the layer size can be adjusted

to compensate for dropped neurons, ensuring a constant number of active neurons

equivalent to the original network without dropout. The mask generation process

incorporates a controllable degree of overlap, regulated by a scale parameter s. At

inference, the individual model weights {wm}Mm=1 are obtained as wm = w∗·Mask(s,m).

Deep-Ens [105] trains an ensemble of M models with randomly initialized network

parameters, dataset shuffling, and random data augmentation. This method ensures

that the weights wm converge to different local optima. Notably, it effectively captures

the multi-modality of the posterior distribution p(w|D), even with a relatively small

number of ensemble models [105,139].

Snap-Ens [106] mitigates the computational overhead of Deep-Ens, which requires

training M models from scratch, by instead training all M models sequentially within

a single training loop. This is achieved by cyclically increasing the learning rate once

a model has converged, leading to M distinct solutions that capture multiple local

minima throughout training. Snap-Ens does not require architectural modifications,

as wm are extracted at different training stages, making it easily applicable to pre-

trained models.
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Figure 2.1: Our model architecture is composed of an attention-based back-
bone extended with sampling layers. We compare the performance and calibration
of different sample-based (MC-Dropout, Mask-Ens) and ensembles (Deep-Ens, Snap-
Ens) approaches for the Bayesian inference.

2.3.3 Bayesian Instance Segmentation

Prior works [54,55,58–60,71] consider affordances segmentation as a deterministic prob-

lem and do not evaluate uncertainty quantification. Our seminal work [111] introduced

the Bayesian segmentation of affordances, pioneering the extraction of spatial uncer-

tainty related to the predicted object boundary masks. In this chapter, we extend the

analysis of semantic uncertainty associated with the affordance class for each detection.

Our goal is to segment the boundaries of each object part, classifying the instance with

the corresponding afforded action, and obtaining a well-calibrated uncertainty estima-

tion. Additionally, we replace the commonly used convolutional encoders [12, 58, 111]

with an attention-based backbone [140] adapted with internal sampling layers.

Training. Following prior works [60], we adopt Mask-RCNN as the baseline model.

Figure 2.1 illustrates the general architecture of our approach. First, an encoder ex-

tracts hierarchical multi-scale feature maps from the image. We adopted the Swin

Transformer [140], which processes images through a hierarchical self-attention mech-

anism [14], gradually combining small-size image patches that reduce the resolution

while increasing the representation dimension. This structure mirrors the pyramid-like

design of convolutional-based encoders, enabling efficient processing of high-resolution

images and the extraction of multi-scale feature maps. The encoder progresses through

multiple stages, each consisting of several Swin Transformer blocks that process the

input image at different scales. Each block includes a Window-based Multi-head

Self-Attention (W-MSA) module, a Multi-Layer Perceptron (MLP), a Shifted-Window

Multi-head Self-Attention (SW-MSA) module, and a second MLP. W-MSA computes
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self-attention within non overlapping windows, capturing local information, while SW-

MSA shifts these windows to share patches with the previous layer, facilitating effective

global information integration while maintaining linear complexity with the image size.

To generate a probabilistic representation in the feature space, we incorporate a

sampling layer at the end of each encoder stage. The output from the four encoder

stages consists of hierarchical feature maps across multiple scales, each capturing dis-

tinct semantic characteristics due to varying depths. Additionally, we integrate a Fea-

ture Pyramid Network (FPN) [141] with lateral connections and top-down propagation,

which produces high-resolution feature maps at all levels, enriched with high-level se-

mantic features.

Based on the FPN features, the Region Proposal Network (RPN) generates Region

Proposals (RPs) that highlight areas likely to contain objects. The Region of Interest

(RoI) Align block standardizes the size of the proposed RPs, ensuring that the ex-

tracted features correspond to the input regions. Subsequently, we obtain the semantic

class and the bounding box coordinates of each RPs using respective Multi-Layer Per-

ceptrons (MLPs), containing intermediate sampling layers. Then, a softmax converts

the affordance class logit predictions into a probability vector pc. In parallel, we obtain

the mask prediction after applying a 14 × 14 RoI Align block, four convolutional layers

with intermediate sampling layers, and a transposed convolution to upsample the mask

resolution. The binary probability masks ph are obtained after a final convolution layer

and a sigmoid.

We train the model end-to-end following [12] with a multi-task loss applied on each

RoI as L = Lcls + Lbox + Lmask + LRPNbox + LRPNcls. The classification loss Lcls

computes the log loss to classify each anchor as an object or background accurately.

The bounding box regression Lbox refines the coordinates of the RP bounding boxes

based on the ground truth offsets with a smooth L1 loss. The mask loss Lmask computes

only for the positive instances the binary cross-entropy loss at the pixel level for the

mask prediction. The RPN classification loss LRPNcls computes a cross-entropy loss to

train the RPN to distinguish between foreground and background anchors, while the

RPN bounding box loss LRPNbox applies a smooth L1 regression to refine the anchor

box predictions generated by the RPN.

Inference. We extend the deterministic object affordances detection to a probabilis-

tic sample-based approach in three steps: sampling, clustering, and merging.

1. Sampling. We conduct M forward passes to generate multiple detections per

inference pass. Each detection d = {b,pc,ph} consists of a bounding box b =

(x, y, w, h), a class probability vector pc and a heatmap representing the binary
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probability of each pixel belonging to the detection or background ph. Depending

on the uncertainty extraction method (Deep-Ens, Snap-Ens, MC-Dropout, Mask-

Ens), the modification of the network weights wm differs in each of the M forward

passes.

2. Clustering. As defined by Miller et al. [142], an observation is a collection of

detections with high spatial and semantic affinity Od = {d1, ...,dk}. Note that

the number of times an instance is detected, k, is always less than or equal to

the number of forward passes, M , i.e., k ≤ M . Following [142], we cluster de-

tections into observations using the Basic Sequential Algorithm Scheme (BSAS)

with the Intersection over Union (IoU) of the detected masks ph as the similarity

metric. We only group detections with the same label class to avoid the merging

of overlapped objects whose masks are spatially close. Compared to previous

approaches limited to object detection with bounding boxes [142, 143], we com-

pare pixel-wise masks of instances, enabling improved merging of clustered or

irregularly shaped objects.

3. Averaging. Following the Bayesian approach in Equation (2.4), we average the

clustered detections to obtain the final predictions as:

O =
{ 1

M

M
∑

m=1

bm,
1

M

M
∑

m=1

pc
m,

1

M

M
∑

m=1

ph
m

}

. (2.5)

Consequently, an observation consists of a set of detections from different sam-

pling steps, representing an approximation of the true posterior distribution of

the observation.

Uncertainty estimation. Our novel Bayesian instance segmentation approach ex-

tends deterministic models by incorporating per-pixel uncertainty estimation, σ, which

is the sum of the epistemic and aleatoric contributions,

σ = σe + σa. (2.6)

The epistemic uncertainty σe represents the variability of the model parameters

w, which can be used to identify when a sample is out of the training distribution.

Consequently, it can be reduced with a larger and more diverse dataset, as the model

incorporates more knowledge. Following [83,130], we compute the epistemic covariance

matrix as the average difference between the squared matrix formed by multiplying

pm− p̄ by its transpose, as shown in Equation (2.7). It quantifies the deviation of each
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prediction pm from the mean probability p̄, which is computed as the average of the

sampled probability vectors p̄ = 1
M

∑M

m=1 pm, and it is computed as follows:

σe =
1

M

M
∑

m=1

(pm − p̄) · (pm − p̄)T . (2.7)

The aleatoric uncertainty σa is inherent to data noise and cannot be reduced with

more data, reflecting observations noise like the camera motion or object boundaries.

Since it is intrinsic to the data distribution, collecting more data does not reduce it.

The aleatoric covariance matrix is the average difference between a diagonal matrix

formed with the components of the m-th prediction vector pm and the outer product

of the prediction vector pm with itself, computed as:

σa =
1

M

M
∑

m=1

diag(pm)− pm · pT
m. (2.8)

Previous works [111,142–144] either ignore the differences between the two sources

of uncertainty or solely evaluate the variance associated with mask segmentation. We

introduce a novel formulation for extracting both spatial uncertainty σsp and semantic

uncertainty σsem, as well as their respective epistemic and aleatoric variance contribu-

tions.

Spatial uncertainty is derived from the binary probability mask vector ph and

captures pixel-level differences in the segmentation. Analytically, we compute σsp =

σsp
a +σsp

e , where pm = ph
m represents the output after the sigmoid of the final mask con-

volution in the m-th forward pass and therefore, the spatial uncertainty σsp is extracted

per-pixel and distributed in a 2D map along the image.

Semantic uncertainty reflects the ambiguities associated with the semantic affor-

dance class and it is constant along all the detected object pixels. Similarly, we obtain

σsem = σsem
a + σsem

e where pm = pc
m represents the probability of the affordance class,

computed as the softmax output associated with the prediction of the semantic class

of the m-th sampling. Therefore, we assume that the semantic uncertainty σsem is con-

stant for all the pixels within the predicted affordance mask. We collapse the respective

covariance by summing the trace of the matrix.

2.4 Experiments

Following previous works [58–60], we adopt the Fw
β score [145] to evaluate the affordance

segmentation performance. This score assesses foreground maps and adjusts pixel-

level errors based on three key assumptions: dependency, interpolation, and equal

importance. Next, we assess the uncertainty of probabilistic affordance detections
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using our novel Probabilistic Mask Quality (PMQ) metric. Additionally, we evaluate

the calibration of the predictions through Expected Calibration Error (ECE) and Area

Under the Sparsification Curve (AUSE). We provide a detailed calibration analysis

for both spatial uncertainty (associated with mask contours) and semantic uncertainty

(associated with the affordance class).

2.4.1 Probabilistic Mask Quality metric

We design our novel PMQ inspired by the Probabilistic-based Detection Quality (PDQ)

score [146]. While the PDQ analyzes the spatial and semantic uncertainties of prob-

abilistic object detections based on bounding box predictions, our novel PMQ score

compares the averaged predicted masks p̄h, providing a more fine-grained evaluation

and preserving boundary detections. Compared to metrics based on the Average Pre-

cision score, PMQ does not rely on arbitrary IoU thresholds that filter the number of

detections, nor does it evaluate foreground/background quality separately.

We define each i ground-truth object annotation as Gi = {b̂i, ĉi,M̂i}, where b̂i

is the ground-truth bounding-box coordinates, ĉi the discrete label class and M̂i the

mask around the object. The output of our probabilistic model is a set of j averaged

detections, where Oj = {b̄j, p̄
c
j, p̄

h
j }. We start evaluating the semantic estimation with

the label quality Ql. It is the probability score of the respective ground-truth class and

not the highest predicted class score, formally defined as:

QL(Gi,Oj) = [1c=ĉi ]
T · p̄c

j, (2.9)

where 1c=ĉ is the indicator function, being 1 for c = ĉ and 0 otherwise. The spatial

quality Qs measures how the probabilistic mask captures the contour of the ground-

truth affordance mask. It is the exponential of the negative sum between the foreground

loss LFG and the background loss LBG at the mask level

QS(Gi,Oj) = exp(−(LFG(Gi,Oj) + LBG(Gi,Oj))). (2.10)

While the computation of the foreground loss LFG and the background loss LBG is

similar, they evaluate opposite effects. The LFG penalizes predicted pixels inside the

ground truth mask with low probability, while the LBG penalizes pixels outside the

ground truth mask with high probability. The LFG is the average negative logarithm

of the mask probabilities p̄h
j inside the ground-truth segments. The LBG is defined as

the sum of the negative log-pixel probabilities evaluated in the set Vij = {p̄h
j − M̂i},

corresponding to detected pixels p̄h
j but outside the ground truth masks M̂i. We define

formally these losses as:

32



LFG(Gi,Oj) = − 1

|M̂i|
∑

x∈M̂i

log(p̄h
j (x))), (2.11)

LBG(Gi,Oj) = − 1

|M̂i|
∑

x∈Vij

log(1− p̄h
j (x)). (2.12)

Then, we compute the pairwise PMQ (pPMQ) for each observation Oj and object

label Gi as the geometric mean of the respective semantic QL and spatial QS qualities

computed as follows:

pPMQ(Gi,Oj) =
√

QS(Gi,Oj) ·QL(Gi,Oj). (2.13)

At this point, the pairwise PMQ contains a PMQ value between each label Gi and

observation Oj pair. We apply the Hungarian algorithm [147] to obtain the optimal

assignment of the NTP true positives, denoted as q = [q1, ..., qTP ], between the ob-

servations Oj and the label Gi. An optimal assignment is zero when a ground-truth

object is not detected (false negative) or a observation does not represent any afford-

able object-part (false positive). The final PMQ, compute along all the frames NF in

the evaluation set is computed by averaging the pPMQ along the total number of false

positives NFP (the observation does not match with the ground-truth), the total false

negatives NFN (no exits ground-truth) and all the true positives NTP , as follows:

PMQ(G,d) =
1

∑NF

f=1

(

N f
TP +N f

FN +N f
FP

)

NF
∑

f=1

NTP
∑

i=1

qf (i). (2.14)

2.4.2 Calibration metrics

We evaluate model calibration with the Expected Calibration Error (ECE) and the

Area Under the Sparsification Error (AUSE). The ECE [82,148] measures the absolute

calibration error of a probabilistic classification. A well-calibrated classification model

produces predictions where the predicted confidence accurately reflects the likelihood

of being correct. To compute ECE, predictions are first grouped into N bins based

on their confidence scores. The calibration error is then measured as the difference

between the accuracy and confidence of each bin. The bin accuracy, acc(Bn), is the

fraction of correctly classified instances within the bin. The bin confidence, conf(Bn),

is the average predicted probability of the instances in the bin:

ECE =
N
∑

n=1

|Bn|
Ns

|acc(Bn)− conf(Bn)|, (2.15)
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where Ns is the total number of samples, and Bn is the number of samples in the

respective bin.

The AUSE metric provides a relative measure of uncertainty, computed as the

difference between the estimated uncertainty and the true error of the model, measured

in terms of the Brier Score (BS) [149]. The BS is the mean squared difference between

the predicted probabilities p and the corresponding one-hot ground-truth vector 1c=ĉ,

being 1 for c = ĉ and 0 otherwise:

BS =
1

Np

Np
∑

n=1

(pn − 1c=ĉ)
2. (2.16)

In Equation (2.16), for the semantic AUSE, Np is the total number of detections

in the entire test dataset, while for the spatial AUSE, Np is the total number of pixels

with an estimated variance (thus, background regions between bounding boxes are

ignored). In order to compute the AUSE metric, we gradually remove pixels based on

their true error (Oracle) or their respective estimated variance (Model). Lower values

of the AUSE metric indicate that the estimated variance represents better the true

error.

2.4.3 Implementation details

We train the models with ResNet-50 [11] and ResNeXt-101 [150] using the Adam

optimizer [151] with learning rates of 10−3 and 10−5, respectively. The models with

Swin-T [140] as the encoder were trained with AdamW [152], a learning rate of 10−5, a

weight decay of 0.05, and β = (0.9, 0.99). We initialize the weights with the respective

pre-trained versions on COCO [153] to ensure convergence and improve performance,

starting with a linear warm-up of the learning rate during the first 1,000 iterations. We

run our experiments in an NVIDIA GeForce 4090 GPU. We conducted the experiments

on the IIT-AFF dataset [55], which consists of 8,835 real-world images depicting seven

different affordance categories (contain, cut, display, engine, grasp, hit, pound, support,

andw-grasp). The dataset is specifically designed for robotics-based scenarios and

represents common manipulation capabilities for autonomous agents. We also report

results in the UMD dataset [54], which contains 28,843 images of 17 object categories

and 7 affordance actions, captured on a rotating table in clutter-free conditions.
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Backbone

Method VGG R50 R101 Swin-T Fw
β

ED-RGB [71] ✓ - - - 57.64
R-FCN [55] - - ✓ - 69.62
AffordanceNet [58] ✓ - - - 79.90
RelaNet [154] - ✓ - - 78.92
BPN [155] - ✓ - - 79.64
GSE [156] - - ✓ - 82.33
Mask-RCNN [60] - ✓ - - 84.40

Ours, Bayesian - ✓ - - 86.90
Ours, Deterministic - - - ✓ 88.32
Ours, Bayesian - - - ✓ 90.60

Table 2.1: Affordance segmentation comparative with the state-of-the-art in
the IIT-Aff dataset.

Backbone

Method VGG R50 R101 Swin-T Fw
β

AffordanceNet [58] ✓ - - - 79.90
EfficientNet [157] ✓ - - - 82.30
RelaNet [154] - ✓ - - 86.13
BPN [155] - ✓ - - 86.21
GSE [156] - - ✓ - 85.50
Mask-RCNN [60] - ✓ - - 84.21

Ours, Deterministic - - - ✓ 86.03
Ours, Bayesian - - - ✓ 87.50

Table 2.2: Affordance segmentation comparative with the state-of-the-art in
the UMD dataset.

2.5 Results

2.5.1 Comparative with the state-of-the-art

We first compare our model with the state-of-the-art for the IIT-Aff and UMD datasets

in Tables 2.1 and 2.2, respectively. Our approach demonstrates significant improve-

ments on IIT-Aff, where our best model version (Mask-Ens) achieves 90.65 Fw
β , out-

performing the previous Mask-RCNN [60] (84.40 Fw
β ) by +6.1 percentage points (p.p).

This notable gain highlights the superior generalization capabilities of our model in

robotics and real-world scenarios. On the UMD dataset, the Bayesian model achieves

a competitive performance of 87.50 Fw
β as shows Table 2.2. As UMD comprises isolated

objects, model performance tends to saturate, resulting in smaller performance gains.

Nevertheless, the Bayesian approach consistently outperforms the deterministic vari-
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Ours

Rx101 Rx101 Swin-T Swin-T Swin-T Swin-T Swin-T
[71] [55] [58] [60] Determ. MC-Drop Determ. SnapShot Ens Deep Ens Mask Ens MC-Drop

contain 66.4 75.6 79.6 83.6 85.8 85.6 87.2 89.4 89.2 89.5 88.8
cut 60.7 69.9 75.7 84.7 86.4 84.6 86.7 88.8 89.0 87.7 88.9

display 55.4 72.0 77.8 86.3 89.9 90.6 92.8 93.9 93.8 93.3 93.4
engine 56.3 72.8 77.5 88.9 90.5 90.9 91.9 92.5 92.6 92.1 92.4
grasp 59.0 63.7 68.5 71.1 77.5 78.2 85.6 84.5 85.2 84.6 88.9

hit 60.8 66.6 70.8 92.3 94.3 95.4 94.5 95.5 95.4 95.4 95.4
pound 54.3 64.1 69.6 81.8 80.5 80.7 85.1 87.2 87.9 86.9 87.2

support 55.4 65.0 69.8 86.7 85.4 88.7 88.6 92.3 92.4 92.4 91.2
w-grasp 50.7 67.3 71.0 83.7 84.7 86.6 87.0 90.2 89.9 90.8 89.5

Average 57.6 68.6 73.4 84.4 86.1 86.9 88.3 90.5 90.6 90.3 90.2

Nº train
parameters (M)

- - - 43.7 107.1 107.1 47.4 1258.2 1138.5 52.4 47.4

Inf. Time (ms) - - - 45 47 1207 42 1015 1015 1015 1015

Table 2.3: Per-class Fw
β (↑) affordance segmentation scores on the IIT-Aff test

split dataset.

ant (86.03 Fw
β ) in the UMD dataset, highlighting the benefits of aggregating multiple

detections.

Following, Table 2.3 presents a detailed per-class comparative on the IIT-Aff dataset

against previous works [55, 58, 60, 71] across different versions of our approach. Our

Swin-T Deep-Ens achieves a 90.6 % Fw
β score, with particularly strong results on the

cut 89.0 % Fw
β , engine 92.6 % Fw

β , pound 87.9 % Fw
β and support 92.4 % Fw

β classes.

Comparing the model size and the inference speed, the key advantage of MC-Drop

and Mask-Ens is that they require training only a single model, resulting in a similar

number of parameters as [60], while offering improved segmentation performance and

uncertainty quantification. However, the computational cost of Bayesian methods is

reflected in the inference time, which increases linearly with the number of samples.

2.5.2 Ablation study

Bayesian vs. Deterministic methods: Tables 2.3 and 2.4 highlight the differences

between Bayesian and deterministic methods. Bayesian models obtain similar perfor-

mance on the affordance segmentation (90.5 Snap-Ens, 90.6 Deep-Ens, 90.3 Mask-Ens,

90.2 MC-Drop % Fw
β score), but they show a strong improvement compared with

the deterministic Swin-T (88.3 % Fw
β score) and lower calibration errors. The global

consensus of multiple networks makes Bayesian models outperform the respective de-

terministic model due to a better generalization and mask refinement. Probabilistic

models produce better calibrated probabilities, both at the semantic vectors or the bi-

nary masks, which means that the model is less overconfident and that the confidence

of the probability is closer to the accuracy of the predictions.
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Calibration metrics Performance metrics

Semantic Semantic Spatial Spatial Fw
β PMQ pPMQ QL QS

Backbone Method AUSE (↓) ECE (↓) AUSE (↓) ECE (↓) score (↑) (↑) (↑) (↑) (↑)

R50

Deterministic 0.308 0.0214 0.252 0.00483 84.4 27.7 55.5 89.9 53.0
MC-Dropout 0.280 0.0112 0.132 0.00246 85.9 41.9 71.9 84.7 63.2

Mask-Ens 0.225 0.0125 0.186 0.00263 84.9 36.3 68.7 78.9 61.9
Deep-Ens 0.241 0.0134 0.158 0.00257 87.1 50.5 71.1 85.2 62.5
Snap-Ens 0.176 0.0128 0.177 0.00253 86.3 40.7 70.5 82.0 64.1

Rx101

Deterministic 0.223 0.0187 0.146 0.00382 86.1 28.4 62.4 85.1 62.4
MC-Dropout 0.207 0.0106 0.134 0.00244 86.9 44.1 75.6 89.8 65.8

Mask-Ens 0.225 0.0112 0.153 0.00274 87.4 48.3 73.9 87.2 66.2
Deep-Ens 0.208 0.0111 0.108 0.00202 88.6 51.3 72.9 87.4 63.7
Snap-Ens 0.168 0.0139 0.106 0.00222 87.4 58.7 76.4 93.2 63.4

Swin-T

Deterministic 0.213 0.0146 0.155 0.00209 89.0 29.9 63.6 94.2 61.4
MC-Dropout 0.196 0.0084 0.129 0.00215 89.6 37.8 73.2 82.2 66.5

Mask-Ens 0.166 0.0089 0.102 0.00174 89.7 46.1 75.6 85.9 67.9
Deep-Ens 0.136 0.0105 0.082 0.00167 90.6 57.5 77.3 94.6 68.1
Snap-Ens 0.145 0.0112 0.080 0.00159 90.5 60.3 77.5 92.0 68.2

Table 2.4: Affordance segmentation performance and calibration metrics We
compare different encoders (ResNet-50, ResNeXt-101, Swin-T) and uncertainty esti-
mation methods (MC-Dropout, Mask-Ens, Deep-Ens, Snap-Ens).

Backbone configurations: Results in Table 2.4 show that the backbone affects

significantly to the performance and the uncertainty estimation: attention-based en-

coders obtain best affordance segmentation and show better calibration metrics. For

example, comparing the analogous Mask-Ens Resnet-50 and Swin-T configurations the

differences are 84.9 vs. 89.7 % Fw
β , 0.225 vs. 0.166 Sem AUSE, 0.0125 vs. 0.0089 Sem

ECE, 0.186 vs. 0.102 Sp AUSE and 0.00263 vs. 0.00174 Sp. ECE. We also report

in Table 2.4 our novel PMQ metric, which evaluates the uncertainty quality of the

predicted masks. The differences with the previous conference version [111] are due to

the computation of the spatial probability as the mean of the per-pixel masks prob-

abilities and not as the number of times that a pixel is detected (pmask > 0.5). The

improvement of Swin-T against Resnet-50 is also reflected on this metric (46.1 vs. 36.3

PMQ, 75.6 vs. 68.7, 85.9 vs. 78.9 QL, 67.9 vs. 61.9 QS for the Mask-Ens Resnet-50

and Swin-T, respectively).

Comparative of Bayesian methods: Table 2.4 also compares different Bayesian

methods for uncertainty estimation. Ensemble methods [105, 106] achieve superior

segmentation results and exhibit lower calibration errors compared to MC-Drop or

Mask-Ens. The Swin-T Deep-Ens and Swin-T Snap-Ens configurations achieve the

highest performance with lower calibration errors, which we attribute to their capacity

to capture diverse local optima and effectively represent the multi-modal nature of

the underlying distribution. However, this improvement comes at the cost of a linear

increase in training parameters, as Table 2.4 shows. Notably, while Deep-Ens requires
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Figure 2.2: Ablation study showing the performance and calibration. We
compare different configurations of the sampling layers on R50 MC-Dropout (blue
bars), Swin-T MC-Dropout (yellow bars) and Swin-T Mask-Ens (red bars). We also
report the behavior of their corresponding deterministic version with a straight line.
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Figure 2.3: Sparsification error curves for the semantic and spatial probabil-
ities for Swin-T.

Figure 2.4: Evolution of the calibration metrics with the number of samples
M . We compare different uncertainty extraction versions on the Swin-T encoder.

training M independent models, Snap-Ens mitigates computational overhead by ex-

tending the training of a single model through cyclical learning rate adjustments. In

comparison, Mask-Ens outperforms MC-Drop in calibration, benefiting from reduced

correlation among the sampling masks.

Disposition of sampling layers: We conduct an ablation study on the placement of

MC-Dropout sampling layers, as illustrated in Figure 2.2. For reference, we also report

the performance of ensembles and deterministic models, which do not require archi-

tectural modifications. When sampling layers are positioned in the encoder (ENC),

the model learns a probabilistic latent space that propagates through the architecture,

leading to better-calibrated probability estimates. In contrast, when sampling layers

are applied only in the final layers (FC + M), enforcing probabilistic outputs at this

stage results in less consistent and less well-calibrated predictions. Additionally, we

observe that ENC + M provides better calibration for binary masks, whereas ENC

+ FC improves the calibration of semantic probabilities due to the proximity of the

dropout layers. Comparing Swin-T MC-Dropout with Mask-Ens, the results indicate

that Mask-Ens slightly outperforms MC-Dropout in both performance and calibration.

This improvement is attributed to the lower correlation among its dropout layers, al-

lowing Mask-Ens to generalize more effectively.
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Figure 2.5: Qualitative results and uncertainty prediction obtained by the
Swin-T Mask-Ens Bayesian Instance segmentation model.
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Number of samples: We also present the evolution of calibration metrics as a

function of the number of forward passes in Figure 2.4. The curves indicate rapid

convergence within the first M = 8 samples, followed by a plateau phase. Additionally,

the sparsification error curves in Figure 2.3 demonstrate that spatial uncertainty more

accurately approximates the true error than semantic uncertainty, as evidenced by

the smaller area difference between the corresponding curves in the spatial case. The

reduction in calibration errors further confirms that the estimated probabilities more

closely align with the true probabilities.

2.5.3 Qualitative results

We show an extensive example of the qualitative results in Figure 6. The predicted

affordance maps are very close to the ground-truth labels with smooth borders as

a consequence of the multiple mask averaging. While the semantic uncertainty is

constant for all the predicted pixels of the object class, the spatial uncertainty is pixel-

wise distributed. The spatial aleatoric uncertainty, due to the data noise, is mostly

present in the object’s contours. We encounter the highest values of this uncertainty at

the intersection of different masks. The spatial epistemic variance reflects the model’s

ignorance about the detection and adds comprehensiveness when the model fails the

segmentation. By [83], epistemic uncertainty appears in challenging pixels out-of-the-

distribution. For example, in the third example, the model fails when predicting a part

of the knife handle, due to the high reflections that make these pixels challenging to

segment.

2.6 Conclusions

In this chapter, we introduced the instance segmentation of affordances with uncer-

tainty estimation. We extend an attention-based backbone with different techniques

for uncertainty quantification. We conducted a comparative analysis of ensemble meth-

ods (Deep-Ens [105] and Snap-Ens [106]) against sampling-based techniques (MC-

Dropout [103] and Mask-Ens [104]). A detailed ablation study further examines the

effects of MC-Dropout sampling layer configurations and the influence of the quantity

of training parameters on model performance. We obtain a new state-of-the art at

90.6 %Fw
β score on the IIT-Aff dataset, which represents a significant improvement

over [60]. We further extend the uncertainty quantification with the estimation of

fine-grained spatial and semantic variance maps, both with the epistemic and aleatoric

contributions and evaluated quantitatively with our novel PMQ metric.
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Part II

Learning visual models of
environments
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Chapter 3

Multi-label affordance mapping
from egocentric vision

Previously, I proposed learning affordances at the object level by train-

ing an instance segmentation model using manual annotations, which were

ungrounded in real interaction and restricted to a single category per ob-

ject part. However, while learning visual object models provides valuable

information about their functionalities, it is insufficient for understand-

ing the real world, where individual objects are not isolated; rather, they

are embedded within a broader physical space—the environment—which

defines the context in which interactions occur. In this chapter, I begin

by constructing a multi-label affordance map that spatially links activity-

centric zones. I first leverage this environment representation to develop a

pipeline that automatically generates multi-label, pixel-wise, and grounded

affordance annotations; representing a significant improvement over the un-

grounded, single-label model introduced in the previous chapter. Next, I

extend classical segmentation models with a multi-label prediction head to

capture more diverse interaction regions, based on the assumption that a

single object can afford multiple actions. Using camera pose estimation, I

project the predicted affordance regions onto a 3D point cloud to gener-

ate a spatial map. Finally, I show that the multi-label mapping can guide

autonomous agents in task-oriented navigation.

3.1 Introduction

When humans repeatedly interact in a close environment, we associate a set of af-

fordable actions with a certain distribution of objects. For example, we associate a

pan on a stove with cooking, but the same pan on the sink with washing. A joined

spatial-semantic understanding contains powerful insights to understand human be-
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havior. This requires a close combination of perception, mapping and navigation al-

gorithms; with potential applications in augmented reality systems [158,159], but also

guiding a robot [47, 58] or assistive devices [9].

In the last years, the ability of deep learning models to extract high-level repre-

sentations has improved the perception of autonomous agents, while egocentric vision

offers a powerful viewpoint for modeling human-object interaction understanding. Re-

cent advances include anticipating future actions [28, 29, 98], model the hands-object

manipulation [32,62,100,101], detect the change in an object state [42], identify inter-

action hotspots [53, 72] or create topological maps [39]. Despite the fast movements

of a headset camera, egocentric perception has also contributed to the mapping and

planning phases: localizing the agent in a known 3D map [66], performing visual nav-

igation [160,161] or building allocentric maps [76,162].

Gibson’s perception theory presents affordances as the potential actions that the

environment offers to the agent based on its motor capabilities [45]. For example, the

person can afford taking a glass, but the affordances of a soup in a pan can be mixing,

emptying, scooping and pouring simultaneously. This multiplicity models better com-

plex dynamic environments and opens the door to multi-agent collaboration with task

synchronization. Although some authors have focused on more complex affordance

models [51, 163], affordance perception is typically defined as a classification problem.

Some authors have focused instead on learning affordances grounded on natural human-

object interactions [72], which provide a more flexible setup and are truly associated

with motor capabilities, showing improvements in action anticipation [57]. However,

most learning approaches in affordance perception consider the problem ungrounded

to the agent interaction with the object, requiring previous annotations of each affor-

dance occurrence [54, 55, 58–60, 71]. While ungrounded methods have the advantage

of providing pixel-wise precision, which we denominate metric understanding of the

scene, many grounded approaches rely on full image classification losing any metric

meaning.

In this chapter, we propose a grounded multi-label approach with pixel-wise preci-

sion, which enables a detailed perception while maintaining the flexibility of grounded

methods. Close to our approach is the work of Nagarajan et al. [53], which presented

a grounded approach for extracting interaction hotspots by directly observing videos.

Similar to other previous works, the hotspots are modeled as a single available affor-

dance. Instead, we propose to consider the multiplicity of affordances for a single object

or spatial zone through multi-label pixel-wise predictions. Therefore, we present the

following contributions:
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Figure 3.1: Multi-label affordance mapping. From a sequence of egocentric obser-
vations, the proposed approach creates a spatial-metric multi-label representation of
the affordances, enabling a task-oriented navigation.

− We propose a pipeline to automatically collect multi-label, pixel-wise annotations

from real-world interactions by leveraging a spatial and semantic representation

of the environment. Applied to the EPIC-Kitchens dataset [25], this method

enables the construction of EPIC-Aff, the largest dataset for grounded affordance

segmentation to date.

− We extend several segmentation architectures to the multi-label setting, enabling

richer scene understanding under the assumption that individual objects may

support multiple affordances simultaneously.

− We conduct an extensive quantitative evaluation of the adapted architectures,

comparing different heuristics to select multiple affordance labels from the pre-

dicted probability vectors.

− We introduce a mapping approach that translates the multi-label affordance seg-

mentation into a spatial map linking activity-centric zones, as illustrated in Fig-

ure 3.1. This map provides a metric representation of environmental affordances,

facilitating goal-directed navigation for embodied agents.
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This work was published in ICCV 2023:

− Lorenzo Mur-Labadia, Jose J Guerrero, and Ruben Martinez-Cantin. Multi-label

affordance mapping from egocentric vision. In Proceedings of the IEEE/CVF In-

ternational Conference on Computer Vision Core Ranking A*, pages 5238–5249,

2023.

3.2 Related works

3.2.1 Learning Visual Affordances

Ungrounded approaches [54, 55, 58–60, 71] for affordance perception are fully super-

vised by manually labeled masks. Due to their similarity with semantic segmen-

tation or object detection tasks, these works use common architectures such as an

encoder-decoder [71], proposal-based detectors [55, 58–60] or Bayesian instance seg-

mentation [111]. While these models [54, 55, 57, 58, 111] assume a single-label affor-

dance per object and lose a valuable amount of information, our approach predicts

multiple affordance categories. Concerning grounded works, Fang et al. [72] extracted

a latent representation from demonstration videos or Luo et al. [57] transferred the

learning from exocentric images to the egocentric perspective using only the semantic

label as supervision. Nagarajan et al. [53] identified interaction hotspots by computing

gradient-weighted attention maps during the training of an action classifier on videos.

Then Ego-Topo [39] built a topological graph of the scene to perform affordance clas-

sification from egocentric videos, grouping each node visually and temporally coherent

frames with similar object and action distributions, discovering activity-centric zones

based on their visual content.

3.2.2 Multi-label perception

In the multi-label segmentation task, we assign two or more categories to a single

pixel. A particular case is an amodal segmentation where the relevance of occluded

parts depends on the depth order [164,165]. The most common applications of multi-

label segmentation are biomedical works, where there are multiple overlapped non-

exclusive levels of tissues. Existing architectures extend a U-Net with minor changes

such as a dynamic segmentation head [166], shuffle-attention mechanisms in the skip-

connections [167], a combination of appearance and pose features [168] and split-

attention modules [169]. The closest approach to multi-label segmentation is multi-

label image recognition, where the label imbalance between positives and negatives in

each binary classifier and the extraction of features from multiple objects make this
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task more complex [170]. Class distribution aware losses [171] such as the asymmetric

loss [172], the focal loss [173] or the Multi-Label Softmax loss [174] correct the over-

suppression of negative samples. On the other hand, Graph Neural Networks such

as [175] deal with the feature extraction from multiple objects by creating a dynamic

graph for each image that leverages the content-aware category representations. Fi-

nally, the transformer architecture extracts multiple attention maps in the different

regions of interest [176, 177], guiding the multi-label classification [170] or ranking the

class of the pixels considering only the categories selected by the classifier [178].

3.3 Grounded Affordance Labeling

We extract automatic, interaction-grounded, multi-label pixel-wise and spatial affor-

dance annotations from a sequence of real-world images in complex and cluttered en-

vironments, as shows Figure 3.2. Our multi-label segmentation approach learns all the

potential options and does not reduce the perception to a single action. For exam-

ple, a potato on a chopping board offers cutting, putting, peeling, removing and taking

simultaneously. Current affordance segmentation works [54, 55, 57, 58, 111] assume a

single-label affordance per object and lose a valuable amount of information. Although

other affordance models allow for multiple predictions, these works ignore the segmen-

tation of the interaction hotspot in the image and lose the pixel-level accuracy of the

segmentation models. For example, topological maps extract multiple affordances from

an image [39], or action anticipation models predict a probability distribution of the

different possibilities [28, 29]. Our methodology gets the best of two worlds produc-

ing multi-label metric masks, resulting in a full distribution of affordances. It enables

a deeper understanding of the manipulation task such as the grasping points of the

tool [179] or the evolution of the manipulation process over time [67]. Similar to previ-

ous unsupervised or weakly supervised methods [51], we extract affordance labels from

weak VISOR and EPIC Kitchens annotations grounded on actual interactions.

We join the affordances with their 3D spatial location by extracting the camera

poses. The spatial approach to affordance perception is not new for the community.

Rhinehart et al. [65] associate the functionality of regions with specific spatial loca-

tions, showing that that defining an affordance based solely on semantics is insufficient

due to the significant influence of the physical context. For example, a frying pan is

only cookable when it is on the hob or a plate is washable when the agent is next to the

dishwasher. However, their method results in smooth 2D maps, which can be problem-

atic for the fine-grained affordances in 3D space in our EPIC-Aff dataset. Instead, our

method is able to scale up to large environments while maintaining the detail by using
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neural networks. Other previous works [180, 181] also use SLAM for action prediction

but with addressing different problems. In those works, the action is set on the human,

while the image provides context; while in our case the action/affordance is set on the

environment and the user provides context. In our work, we use COLMAP [182] to

extract the relative pose between sparse frames with a filter of the dynamic objects,

registering up to 93 % of the frames compared with the 44 % of the frames registered by

ORB-SLAM [183] on EPIC Kitchens [39]. Recently, EPIC Fields [184] registered the

camera pose of the dense videos in EPIC Kitchens using neural rendering techniques.

3.3.1 Affordance datasets

Following our motivation, we conduct a study along the visual affordance datasets

shown in Table 3.1. The ungrounded datasets are subjected to the annotator’s consid-

eration and required to draw pixel-wise semantic mask to each object part [54–57,113]

or additional sensors [185,186], decreasing the object variability and limiting the scal-

ability due to the annotation costs. The UMD dataset contains a semantic affordance

map for objects in isolated conditions and with low variability, which prevents gener-

alization [54]. The IIT-Aff dataset [55] provides the most comprehensive annotations

designed for use in robotics, including multiple objects in a single image. The ADE-

Aff dataset [56], built on top of ADE20K scenes, examines the social acceptability of

actions about context but is limited to only three affordance classes. The AGD20k [57]

dataset includes the largest number of categories and actions by transferring from an

exocentric to an egocentric viewpoint perspective. On the other hand, grounded works

learn from observing interactions on the EPIC-Kitchens sequences [25], internet demon-

stration videos [72] or with gaze point with eye-tracking devices [187]. The annotations

provided are only used for evaluation since they do not require strong supervision. How-

ever, these approaches ignore the pixel-wise precision [39] or the multi-label modality

of our approach [53].

Based on the mentioned limitations, our novel dataset EPIC-Aff provides multi-

label pixel-wise affordance annotations with the camera pose. It contributes to a diverse

and comprehensive affordance database with the largest number of images up to date.

This better captures the complexity, dynamics, multiplicity and variability of real-

world environments, such as preparing a recipe in a kitchen. Finally, as our labels are

automatically extracted, we enable the application of our method to other egocentric

datasets.
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Figure 3.2: EPIC-AFF Ground truth examples. For visualization purposes, we
show a single label of the affordable action on its location, although these are overlapped
for the same sample. The food in the bowl affords taking or mixing, while the cutting
board on the left affords putting, cutting, moving and peeling.
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Dataset Year IG Pix ML CP #Obj. #Aff. #Imgs.
UMD [54] 2017 X ✓ X X 17 7 30,000
IIT-Aff [55] 2017 X ✓ ✓ X 10 9 8,835
ADE-Aff [56] 2018 X ✓ ✓ X 150 3 10,000
OPRA [72] 2018 ✓ ✓ X X - 7 20,774
Grounded I.H [53] 2018 ✓ ✓ X X 31 20 1,800∗

Ego-Topo [39] 2020 ✓ X ✓ X 304 75-120 1,020-1,115∗

PAD v2 [113] 2021 X ✓ X X 72 31 30,000
AGD20k [57] 2022 X ✓ X X 50 36 23,816
EPIC-Aff 2023 ✓ ✓ ✓ ✓ 304 20-43 38,876

Table 3.1: Visual affordance datasets statistics. I.G: Interaction Grounded. Pix:
pixel-wise annotations. ML: multi-label. CP: camera poses #Obj: Number of objects.
#Aff: Number of affordances. #Imgs: total number of images. ∗ The affordance labels
are only for evaluation, the model is trained supervised only by action labels.

Figure 3.3: Extracting the center of the interaction. Using the masks provided by
VISOR Kitchens, we define the intersection between the object and the hand bounding
boxes as the center of the interaction. We show in yellow the bounding box of the non-
interacting objects, in green the bounding box of the hands and in blue the bounding
box of the interacting object.

3.3.2 EPIC-Aff dataset

We detail the procedure shown in Figure 3.4 for our grounded affordance labeling.

EPIC-Aff is composed of 38,876 images with up to 43 different affordable actions K. We

choose the EPIC-Kitchens as the base dataset because of its sequential and repetitive

nature, which allows us to extract the 3D geometry, and because the kitchen is a

scenario with multi-step and structured activities very rich in semantics. We cover all

the object categories present in the EPIC-100 annotations, which constitute a wide,

large and diverse knowledge base.

From a sequence of video, we join the EPIC-100 narrations [25] and the VISOR

Kitchen annotations [188] to obtain a sparse sequence of frames SM = (f1, ..., fN) with

the localization of the interactions on the image, as shows Figure 3.3. The EPIC-100

labels [25] contains narrations formed by an action verb V with an associated object O,
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i.e: ”add steak”, for more than 100 hours of video. VISOR Kitchens [188] interpolates

from sparse annotations to generate semantic masksM and bounding boxes B on the

active objects. We set the center of the interaction xi = {ui, vi} in the middle of the

intersection between the hand Bh and the interacted object BO bounding-boxes given

by the narration V +O.

Then, we apply COLMAP, a Structure-from-Motion (SfM) algorithm [189] to obtain

the camera poses T c
w and a point cloud of the environment {Xp}. In the EPIC-Kitchens

[25], each kitchen is composed of multiple videos, thus, we join all the sparse frames

with interactions SK = {S1 . . .SM} to relate frames from different videos in a common

3D reference. Furthermore, we use the VISOR semantic masks to avoid including

dynamic objects in the point cloud.

Next, we employ a robust depth estimator based on a neural network dNN = fd(·)
[190] to predict the depth of interaction points dNN(xi). Because the neural network

computes the depth up-to-scale, we compute a scale correction factor per image to

fit the network scale to the SfM scale: scale = median(dSfM(Xp)/median(dNN(Xp))

[191], where dSfM(Xp) is the depth of all the points {Xp} visible from the current

image and dNN(Xp) is the depth of the same points given by the network estimator.

Note that we employ an off-the-shelf depth estimator [190], since ground-truth depth

annotations are unavailable in EPIC-Kitchens videos.

Using the predicted depth and the scale, we project the interaction point xi in

the 3D global coordinates Xi using the respective camera pose T c
w as Xw

i = T c
w · Xc

i .

Therefore, as it is shown in Figure 3.5, we obtain the history of all the interactions

that occured in the kitchen in a common reference Ik = {Xw
1 , X

w
2 , . . . , X

w
k }, cross-

generalizing for the different sequences. This constitutes our knowledge base that

follows our hypothesis that the distribution of affordances is spatially linked to pre-

determined physical spaces (i.e you only wash in the dishwasher), not only to the

semantic context of a topological graph [39].

Then, once we store all the past interactions Ik with their Vk and Ok labels, we

reproject them back to the new camera reference system Xc
i = Tw

c · Xw
i . Instead

of considering all the object semantic masks as the affordance region, we center a

Gaussian distribution over each affordance re-projected point Xc
i and build an addi-

tive heatmap. Then, the affordance masks Maff
i are defined as the regions where

the heatmap is greater than 0.25. This is grounded in how humans interact with ob-

jects [53] and allows us to consider the different affordability of the object parts (a

knife is only graspable with the handle). In order to generate the affordance labels

A = {(V1,O1,Maff
1 ), ...., (Vj,Oj)}, we select only those verbs whose associated ob-

ject Oi was present in the VISOR annotations {M,B}. With this procedure, we are
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Figure 3.4: Automatic extraction of EPIC-Aff labels. We combine the EPIC-100
narration with the VISOR masks annotations to extract the interaction point. Then,
using the camera pose extracted from COLMAP, we project all the interactions in a
common 3D global reference. Finally, we reproject all the past interactions to each
frame, and filter the affordance annotation by the objects present at the image.

grounding our dataset in the past interactions in that environment and associating

multiple affordances to a single object. We show qualitative samples of the EPIC-Aff

in Figure 3.2.

We provide two different versions of the dataset: the easy EPIC-Aff and the

complex-EPIC Aff, with 20 and 43 affordance classes respectively. There is a challeng-

ing class imbalance, as shown the Figure 3.6 with a significant frequency gap between

the most common class (open, with a 16.0 %) and the less represented (dry, with a

0.3 %). In Fig. 3.7 we show the pixel ratio, which reflects that semantically similar or

opposite actions are associated with the same space (i.e, turn-on, turn-off, adjust or

cut and peel) and the importance of the multi-level approach. This shows that activity-

centric zones are physical spaces where there occur multiple common activities, both

synonyms or antonyms.

3.4 Multi-label segmentation and mapping

In this section, we explain our inference procedure. First, we describe the modifications

needed to obtain a multi-label segmentation model. We then show how our approach

can be applied to mapping and planning tasks.
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Figure 3.5: Historical with all past interaction hotspots within the environ-
ment. The blue dots represent the camera poses of the sparse frames from all the
sequences.

Figure 3.6: Distribution of the 20 classes in the easy-EPIC Aff dataset. The
long-tail distribution shows a significant class imbalance.

3.4.1 Multi-label segmentation

In this section we describe how we transform classical semantic segmentation models

to a multi-label version. While there exists lots of single-label segmentation [12,13,178,

192–194] and multi-label image classification works [170,171,174,195], the multi-label

segmentation is a more unexplored task restricted to small domains like biomedical

images [167,168].

Given an input image X, the multi-label segmentation goal is to predict a group of

categories for each pixel. Therefore, we assume that each pixel could represent multiple

affordances (takeable, cuttable, washable, . . . , etc.) or not belong to any category.

For a total number of K classes we define the label y for each pixel of the image as

y = [y1, ..., yk], where yk = 1 if the pixel contains the K-category label, otherwise

yk = 0. In order to predict multi-label segmentation masks, we have evaluated two

different approaches. First, we use a standard multiclass segmentation networks and

evaluate three different heuristics to select multiple labels per pixel. Then, we modify
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Figure 3.7: Pixel ratio of the 20 classes in the easy-EPIC Aff dataset. The
blue color represents high correlation and yellow low concurrence in the same pixel.

the segmentation networks to output multiple binary classifiers which enable multiple

labels to be active.

For the multiclass scenario, we assume that the network output is a categorical

distribution for all the classes and use the standard supervision loss, the cross-entropy.

Then, we transform the probability vector p = [p1, ..., pk],
∑k

k=1 pk = 1 with three

heuristics to choose the multiple winning-classes, as shows Figure 3.9. On the first

method, we select the top-k classes with the largest probability value pk. Note that we

do not considers predictions with a sk < 1/k, as it occurs to k1, k5 on Figure 3.9. The

second alternative is max-θ, which consists in selecting all the possible classes whose

pk is greater than a threshold θ. Finally, the last heuristic is a dynamic θd threshold.

We select the classes whose difference with the next class is larger than a θd.

On the multi-label scenario, the model outputs K independent Bernouilli distribu-

tions, generating binary probabilities p = [p1, ..., pk], where we assume a detection if

pk > 0.5. Then, we substitute the cost function by a class-weighting Binary Cross

Entropy (BCE) loss, obtaining K binary classifiers. One disadvantage of having inde-

pendent binary classifiers is that the performance is more sensitive to the class imbal-

ance in the dataset. To alleviate that, we use the Asymmetric (Asym) loss Lasym [172]

shown in Equation 3.1. It combines the focal loss [196] with the margin loss [197]

to reduce the contribution of easy negative samples, which rejects mislabeled samples

with a continuous gradient and it is computed as follows:
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Figure 3.8: Inference: the multi-label masks predictions from our model are leveraged
to a 3D map.

Figure 3.9: Heuristics to select multiple labels from a probability vector.

ASLk =

{

log(pk)(1− pk)γ+ , yk = 1
log(1− pk)(pk)γ− , yk = 0

Lasym =
1

N

N
∑ wk

K
K
∑

k=1

ASLk.

(3.1)

For each training image, X with N total pixels, Lasym computes a different term

depending on if the yk binary label indicating that the class k is present or not in

the pixel. We apply a weighting average wk depending on the ratio between positive

and negative samples for class k to avoid the class imbalance. Following the original

paper [172], we set γ+ = 4 and γ− = 1.
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3.4.2 Embodied skill applications

Given that our system provides metric information of the affordance location, and it

has information of the camera poses and has multi-label affordance detection, we can

apply it to common spatial tasks such as mapping and navigation.

Mapping of activity-centric zones. We take the video sequence and sample un-

seen frames {f1, ..., ft} during training. Following the same procedure as in the ex-

traction of labels, we reproject the inferred semantic masks on the pixels i, j to its

respective 3D location x, y, z using the camera intrinsic Kint, COLMAP pose Rc
w, tcw

and the scaled depth di,j as:





x
y
z



 = di,j(R
c
w)−1K−1

int





i
j
1



− tcw. (3.2)

We accumulate in a global map the COLMAP key-points to represent the geom-

etry and the segmented affordances regions. We do not perform any fusion on voxels

or octrees, since our multi-label approach assumes that a zone can represent several

predicted classes. Note that the map representation is common for all the sequences

of the same environment, with the potential of linking zones across multiple episodes

and learning from past interactions.

Task-oriented navigation. Finally, we introduce a task-oriented navigation experi-

ment to show the relevance of the map representation. We use the COLMAP key-points

to build an occupancy grid with the available free space. Then, the agent is initialized

in a random localization and asked to navigate to perform a certain action. Once it

selects the location from the semantic-metric representation, the agent decides the path

planning using a A∗ search with the Euclidean distance on the free space. We use the

point cloud from COLMAP to create an occupancy grid.

3.5 Experiments

3.5.1 Models and metrics

In our experiments, we modify three popular semantic segmentation architectures

[13, 198, 199] and compare them with an instance segmentation model [12] plus an

interaction hotspots model [53].

− Grounded Interaction Hotspots (GIH) [53]: this work provides a trained

version on EPIC-Kitchens scenes, which re-use to extract predictions from our

58



KLD ↓ SIM ↑ AUC-J ↑ mIoU ↑ F1-Score ↑ mAP ↑ AP50 ↑
GIH [53] 2.381 0.116 0.511 17.5 29.4 14.2 15.5
Mask-RCNN [12] 1.365 0.150 0.841 40.1 56.5 59.3 62.6
U-Net [198] top-K 2.532 0.341 0.830 9.5 17.4 22.0 30.5
U-Net [198] max-θ 2.532 0.341 0.830 13.2 23.6 22.0 30.5
U-Net [198] dyn-θ 2.532 0.341 0.830 13.2 23.7 22.0 30.5
Ours, U-Net + BCE 2.718 0.304 0.949 20.9 34.2 48.2 44.7
Ours, U-Net + Asym 0.783 0.665 0.857 17.7 29.9 15.6 32.3
FPN [199] top-K 2.229 0.362 0.812 8.9 15.6 18.9 24.7
FPN [199] max-θ 2.229 0.362 0.812 12.4 21.8 18.9 24.7
FPN [199] dyn-θ 2.229 0.362 0.812 12.9 23.6 18.9 24.7
Ours, FPN + BCE 1.613 0.365 0.955 22.2 35.7 48.7 44.5
Ours, FPN + Asym 0.789 0.546 0.956 39.8 56.8 44.1 59.3
DeepLab-v3 [13] top-K 4.947 0.192 0.911 18.9 31.9 35.0 40.9
DeepLab-v3 [13] max-θ 4.947 0.192 0.911 19.2 32.3 35.0 40.9
DeepLab-v3 [13] dyn-θ 4.947 0.192 0.911 19.5 32.7 35.0 40.9
Ours, DeepLab-v3 + BCE 1.276 0.179 0.964 31.3 47.2 58.6 56.2
Ours, DeepLab-v3 + Asym 0.603 0.668 0.965 42.3 60.1 43.6 58.5

Table 3.2: Affordance multi-label segmentation on easy-EPIC Aff test set
(20 classes). Note that except the mIoU and the F1-Score, the rest of the metrics are
common for the three versions of the multi-class segmentation models.

KLD ↓ SIM ↑ AUC-J ↑ mIoU ↑ F1-Score ↑ mAP ↑ AP50 ↑
Mask-RCNN 2.287 0.211 0.756 17.1 27.3 40.1 46.7
Ours, U-Net + Asym 1.104 0.320 0.657 12.9 24.8 11.2 17.9
Ours, FPN + Asym 0.530 0.673 0.921 28.1 42.9 24.8 43.4
Ours, DeepLab-v3 + Asym 0.520 0.670 0.931 31.1 46.5 27.4 43.9

Table 3.3: Affordance multi-label segmentation on complex-EPIC Aff test
set (43 classes).

images. To reduce the gap, we crop our scenes to represent a single object

and compare for the same number of affordable actions K in the easy-EPIC Aff

dataset.

− Mask-RCNN [12]: we assume an overlapping in the bounding boxes between

two different instances. We do not consider the amodal Mask-RCNN versions

[165,200] which treat differently visible and occlusion masks, since our affordance

classes K are not ranked in order.

− Semantic segmentation architectures. We compare the performance of three

popular semantic segmentation models: U-Net [198], Feature Pyramid Networks

(FPN) [141,199] and DeepLab v-3 [13].

We train the segmentation models with an input resolution of 232 × 348 for 100 k

iterations usign Adam as optimizer with weight decay of 10−4, batch size of 8 and a

initial learning rate of 10−4, using a polynomial decay up to 10−6. We apply random

crop, color jitter, resize and flipping as data augmentation. In the same way, we train
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GIH [53] 22.1 21.9 13.8 10.8 16.3 25.8 21.2 23.7 14.0 16.9
Mask R-CNN [12] 37.7 36.9 47.1 43.9 51.5 41.4 46.4 38.1 43.6 42.9
U-Net dyn-θ [198] 0.1 0.7 5.4 11.9 22.4 17.1 22.2 17.3 11.3 15.9
Ours, U-Net BCE 22.3 22.5 30.9 24.0 30.2 23.7 21.1 17.7 17.1 23.4
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Ours, FPN Asym 36.3 34.7 46.1 42.0 46.8 42.7 42.2 37.5 43.3 41.7
Deep-Lab v3 dyn-θ [13] 10.1 11.0 15.4 17.3 19.1 19.4 25.2 19.1 14.7 17.9
Ours, Deep-Lab v3 BCE 33.3 34.2 44.1 37.6 43.1 32.0 30.9 26.2 28.9 33.7
Ours, Deep-Lab v3 Asym 31.6 32.9 37.3 37.8 44.5 43.9 45.0 41.8 53.4 42.3
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GIH [53] 17.2 12.8 10.3 20.5 16.6 10.8 26.1 9.5 13.9 25.8
Mask R-CNN [12] 38.4 13.1 52.5 43.7 30.8 50.9 35.3 47.1 33.6 26.0
U-Net dyn-θ [198] 21.0 4.5 14.8 21.1 16.3 18.4 12.9 20.6 0.5 9.6
Ours, U-Net BCE 18.5 8.7 27.3 22.4 13.2 23.8 16.2 22.2 19.0 13.1
Ours, U-Net Asym 15.6 16.6 15.2 18.9 22.2 19.5 19.5 24.3 5.7 15.7
FPN dyn-θ [199] 20.0 4.6 13.8 22.6 12.5 15.5 14.4 17.3 0.8 9.7
Ours, FPN BCE 21.4 7.4 3.8 20.8 13.3 28.4 13.6 24.5 23.5 11.6
Ours, FPN Asym 39.6 21.3 47.4 43.7 34.3 45.0 33.8 46.3 38.0 33.2
Deep-Lab v3 dyn-θ [13] 17.1 9.2 20.4 31.9 25.3 26.5 24.3 31.7 18.0 18.1
Ours, Deep-Lab v3 BCE 27.6 13.2 41.6 27.6 22.2 39.1 22.3 35.1 32.3 20.7
Ours, Deep-Lab v3 Asym 39.4 33.1 45.5 52.2 44.0 46.7 43.5 51.1 32.3 46.6

Table 3.4: Class-wise IoU scores on the easy-EPIC Aff test set. All scores are
in [%].

Mask-RCNN SGD and 10−2 as initial learning rate. We use a Resnet-50 backbone

pre-trained on Imagenet for all the models in order to perform a fair comparative.

Following the evaluation of Nagarajan et al, [53], we report the Kullback-Leibler

Divergence (KLD) [72], the Similarity metric (SIM) and the Area Under the Curve

(AUC-J) [201,202] which provide different metrics for the mismatch of the distribution

of heatmaps or affordance regions considering the predictive probability. We also report

metrics from segmentation literature, such as the mean Intersection over the Union

(mIoU) and the F1-Score to measure the performance of the semantic segmentation,

and the Average Precision (AP) AP-50 and mAP to report the performance of the

detection metrics.
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Figure 3.10: Evolution of the mIoU for different heuristics to select multiple
winning classes from a multi-class probability vector. Left: top-K. Center:
max-θ. Right: dyn-θ.

3.5.2 Quantitative results

We compare the performance of different popular architectures on the multi-label af-

fordance segmentation task in Table 3.2 on the easy-EPIC Aff dataset. DeepLab-v3

trained with the Asymmetric loss obtains the best performance on the segmentation

and saliency metrics (42.3 % mIoU 60.1 % F-1 score, 0.603 KLD, 0.668 SIM, 0.965

AUC-J). Since the backbone of the three semantic segmentation models is the same

(Resnet-50), the different results are due to the configuration of the different decoders.

In the dataset, since the labels represent interaction hotspots, they are not aligned with

the borders of the objects and represent a more high-level zone. Thus, the atrous con-

volution of DeepLab enables to enlarge of the filter’s field of view and better captures

these regions. We show the per-class segmentation performance in terms of the IoU

in Table 3.4. Comparing with the apparition frequency of the classes in the dataset

shown in Figure 3.6, Mask R-CNN fails at the low-represented classes since is not

trained with the Asymmetric loss. However, it is the best architecture on the detection

metrics (59.3 % mAP, 62.6 % AP50). Compared with previous works, the pre-trained

version of [53] achieves intermediate results on the segmentation metrics (17.5 % mIoU,

29.4 % F-1 score) but low on the AP scores.

The results in Figure 3.10 show the impact of the hyper-parameters when adapting

the multi-class models. The top-K = 1 represents the classical multi-label case. The

results show how its performance is far from the multi-label versions, supporting the

need for specific architectural changes for this scenario. In Figure 3.10 left, when

we increase the number of winning classes, the performance decreases by introducing

too many false positives. The other two heuristics achieve better performance since

they better reject these outliers. For example, the dyn-θ adapts dynamically to the

probability distribution shape, obtaining higher mIoU and F-1 in the three cases (see

Table 3.2). Finally, we appreciate similar results on the complex-EPIC Aff, shown in
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Table 3.3. In this case, the overall performance decreases due to the higher number of

classes and its imbalance.

3.5.3 Mapping: metric distribution of affordances

We show on Figure 3.11 qualitative results of the multi-label interaction hotspots from

affordances predicted by the DeepLab-v3 Asym model. This is consistent along differ-

ent time-steps. For example, the microwave of the left-map in Figure 3.11 is detected

as turn-on both at t = 0, 25, 52. The qualitative results clearly motivate our multi-label

approach: the milkshake on the right map affords mixing, pouring and taking, or the

sink in the center map affords drying and washing. Our pixel-wise conception is also

required, since it reflects the interactions hotspots rather than highlight the complete

object (for example grasping a pan only with the handle).

3.5.4 Task-oriented navigation

Finally, we use the spatial localization of the affordances to show a proof-of-concept

”task-oriented” navigation. As we illustrate on Figure 3.12, we guide the agent accord-

ing to the action possibilities that the environment offers to him. Therefore, we can ask

our system to perform certain action, meaning to go to where the object and affordance

are available. The A∗ indicates to the agent the shortest path from its current location

to the position where it took the action in the past. For example, this could guide a

visually impaired person with an assistant device [203].

3.6 Limitations

Our current approach presents several limitations. At the dataset extraction, we as-

sume that the interaction occurs in the intersection between the object and the hand

bounding-boxes, thus it depends on the bounding-box aligned to the actual object.

This could be mitigated with a detection model for grasping points, but we wanted

a simpler version for our prototype as a more convoluted approach might introduce

further biases, difficult to detect. Also, the camera poses from COLMAP can be dis-

torted by noisy-frames or dynamic objects non-suppressed by the mask. Furthermore,

a real-time mapping system would require a SLAM system such as ORB-SLAM [183]

which might reduce the accuracy of COLMAP. Similarly, our dataset is fully based on

Kitchen sequences and it does not incorporate another environments introducing im-

portant dataset bias in the trained models. However, our automatic labeling pipeline

could be easily used to extend the dataset in other scenarios.
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Figure 3.11: Multi-label affordance mapping. We show examples on four different
scenarios.

Figure 3.12: Goal oriented path-planning. In the example, at t=36 we indicate
the user the trajectory from the sink to the place where it used to dry the crockery.
The blue points represents the steps of the path planning
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3.7 Conclusions

We introduced a novel multi-label, metric and spatial-oriented perception of affor-

dances. First, we present a method for extracting grounded affordances labels based

on egocentric interaction videos through a common metric representation of all the

past interactions in a common reference. We use this pipeline to build the most com-

plete affordance dataset based on the classic EPIC-Kitchen dataset. This constitutes

EPIC-Aff, the largest semantic segmentation dataset of affordances grounded on the

human interactions. We also motivate a method for grounded affordance detection

with pixel precision using multi-label predictors, which enhances the perception and

the representation of the environment. Furthermore, we show that the metric repre-

sentation obtained can be used to build detailed affordance maps and to guide the user

to perform task-oriented navigation tasks.
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Chapter 4

Robust Fusion for Bayesian
Semantic Mapping

In the previous chapter, the proposed multi-label mapping lacked any tem-

poral aggregation strategy—that is, the predictions were not fused into a

voxel grid or 3D surface, but were instead projected (and accumulated)

onto a 3D point cloud. To address this limitation, I introduce in this chap-

ter a Bayesian semantic mapping that fuses predictions in a semantic voxel

map. First, I present a novel fusion strategy to regularize observations

and mitigate the impact of prediction bias. Second, my approach utilizes

the Dirichlet distribution from the output of a Bayesian neural network to

incorporate epistemic uncertainty, thereby reducing the influence of over-

confident outlier predictions and resulting in a more robust semantic voxel

representation.

4.1 Introduction

Robots rely on understanding their surroundings to work autonomously and make in-

formed decisions. Semantic information is critical for enabling reasoning on a higher

abstraction level in complex tasks such as recognizing different objects [204], driving

safely [205] or helping in our homes [206]. Neural networks have played an important

role in making this possible, but their application in robotic perception pipelines still

presents multiple challenges [207]. In this chapter, we address the problem of robustness

when combining multiple, potentially biased, neural network predictions in a semantic

mapping pipeline. Compared to traditional sensors, which are well understood and

calibrated, the behavior of neural network models still lacks interpretability. Firstly,

neural network predictions assume that they are always within the trained distribution

and are agnostic to the real distribution of the input data. Secondly, even if the output
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Figure 4.1: Robust Fusion for Bayesian semantic mapping. Since neural net-
works are overconfident sensors, they output misclassified predictions with high confi-
dence. Using Bayesian neural networks, we regularize their output and weight obser-
vations according to their epistemic uncertainty, obtaining a fusion method robust to
outlier detections.

of traditional neural networks can be understood as a probability (i.e., classification

confidence among a set of classes), these are often overconfident and produce misclassi-

fied predictions with a high confidence level [82]. Despite this, existing fusion methods

[208–211] in semantic mapping fully trust the neural network predictions, which makes

them vulnerable to the aforementioned limitations.

To prevent these problems, our main contribution in this chapter is a new fusion

method that exploits the information given by a Bayesian neural network to increase

the robustness of the resulting semantic map. As we show in Chapter 2, Bayesian

deep learning techniques offer more interpretability by extracting uncertainty from the

predictions. Similarly, we adopt the previously discussed sample-based Bayesian deep

learning techniques, specifically we extend a common segmentation neural network

with intermediate dropout layers for performing MC-Dropout.
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Although uncertainties have been successfully utilized in embodied active learn-

ing [136, 212, 213] and domain adaptation [214], their potential in calibrating neural

networks as sensors and enhancing the robustness of semantic information acquisition

at test time has scarcely been investigated. Therefore, our goal is to leverage the un-

certainties provided by Bayesian neural networks to obtain a better semantic mapping.

In particular, the contributions of this chapter are the following:

− We apply a regularization in the observations to reduce the influence of overcon-

fident outlier measurements on the posterior distribution.

− We obtain a Dirichlet distribution from the output of a Bayesian neural network

to incorporate the lack of knowledge from the network, which allows to fuse the

data considering the epistemic uncertainty of each measurement.

− We validate the method in simulated and real environments, showing improve-

ments with respect to non-Bayesian approaches.

The work described in this chapter was presented in IROS 2023:

− David Morilla-Cabello*, Lorenzo Mur-Labadia*, Ruben Martinez-Cantin, and

Eduardo Montijano. Robust fusion for Bayesian semantic mapping. In IEEE/RSJ

International Conference on Intelligent Robots and Systems (IROS). Core Rank-

ing A, 2023

4.2 Related Works

4.2.1 Semantic Mapping

There are several ways to use neural networks for semantic mapping, including end-to-

end, averaging, and fully Bayesian methods. For the first type, the data association and

update of the semantic probabilities are learned in an end-to-end pipeline including re-

current structures to account for the temporal dimension [215,216]. Even though these

are interesting approaches, end-to-end pipelines are complex to analyze and require

specific training.

Averaging methods aggregate directly the predictions obtained from the neural net-

work. In some cases, this is done considering only the winning class in each observation

and performing a voting scheme [217, 218]. In other cases, the probabilities given by

the network are averaged for the total number of observations [209,219]. The former is

motivated by the excessive confidence typically shown by semantic segmentation neu-

ral networks. While these approaches are very efficient, Bayesian methods provide a

better framework to handle uncertainties and probability distributions.
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Bayesian methods offer an interesting framework to combine the prediction of the

network in a probabilistic fashion. Among these types of works, Semantic Fusion [208]

updates the probability distribution of the surfels generated by their SLAM system

using a recursive Bayesian update. This is also used by current semantic mapping

approaches [210]. Similarly, the work by Asgharivaskasi et al. [211] sums the log prob-

abilities. Panoptic mapping [220] separates meaningful objects from the background

and combines the probability of the object classes by weighting based on the class

confidences. All these methods propose a Bayesian update based on the probability

distributions coming from the neural network. Thus, they assume that the network’s

predictions are correct and that the confidences are well-calibrated. In contrast, we

leverage Bayesian neural networks to model the uncertainty in sensor observations and

perform robust semantic fusion

4.2.2 Bayesian Deep Learning

Bayesian neural networks (BNNs) infer a distribution over the network weights to

model the uncertainty of the training process. Since the analytical computation of

the posterior is intractable, several methods propose computing approximate distribu-

tions. Monte-Carlo (MC) dropout [221] and deep ensembles [105,222] are two popular

sampling techniques that approximate the true posterior using discrete samples. On

the other hand, feature-space techniques [120, 123, 223] estimate the uncertainty with

a single-pass by measuring the distance or density of the samples in feature space

compared with the training data.

BNN applications in robotic systems show multiple uses of uncertainty estimation

in perception and planning for learning, but not in guiding semantic mapping. At the

perception stage, the uncertainty in the model, or epistemic uncertainty, appears in

regions where the model parameters are less confident or poorly estimated, leading to

ambiguous or challenging pixels [83, 111] and identifies false positive detections [132].

The aleatoric uncertainty, or entropy of the data distribution, stems from inherent

randomness or variability in the data distribution. It is present in the contour of objects

and noisy regions [131]. Other works employ the uncertainty at the planning stage to

perform active learning [135], which reduces the labeling cost by selecting the most

informative samples [136] and allows for domain adaptation [214]. Finally, epistemic

uncertainty has been used in object goal navigation to make informed decisions about

exploring uncertain areas or reaching known target objects [137]. To the best of our

knowledge, few works consider epistemic uncertainty as a weight for semantic fusion in

object detection tasks [224] and planning [225]. In our case, we apply the epistemic

uncertainty of BNNs to semantic fusion over all the pixels in the image.
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4.3 Approach

Our objective is to perform robust semantic mapping using a given uncertainty-aware

NN on a mobile sensor. This is accomplished by considering the model’s confidence and

regularizing the map fusion in order to account for re-observations and reject outliers

coming from overconfident predictions. First, we describe the semantic map structure

and introduce an overview of Bayesian neural networks to estimate the observations’

uncertainties. Then, we introduce the novel Bayesian fusion method based on confi-

dence weighting and regularization.

4.3.1 Map Description

We consider a generic representation for the map using a voxel set, M, for all the

detected surfaces. Each voxel, m ∈ M has a semantic label, lm ∈ K = {1, . . . , K},
where K is the set of pre-defined possible classes. The objective of the semantic map-

ping algorithm is to infer the semantic class for all the voxels. In order to do that, the

categorical probability distribution of a voxel m is defined by the probability of the

voxel belonging to each of the defined classes,

p(lm = li|p) =
k
∏

j=1

p
[j=i]
j , (4.1)

where p = (p1, . . . , pk) such that pj represents the probability of the voxel belonging

to class j, the exponent, [j = i], is the indicator function, and
∑k

j=1 pj = 1. Without

loss of generality, we describe the whole semantic fusion process for a single voxel m,

denoting p(li) ≡ p(lm = li|p), understanding that the same procedure is applied to all

the voxels concurrently.

Semantic inference is carried out by aggregating all the measurements that are taken

of the voxel in a Bayesian fashion. Denoting Xt as the measurement acquired at time t,

the objective is to obtain the posterior distribution, p(li|X1:t), where the initial prior is

a uniform distribution, to model the fact that there is no initial knowledge of the class.

In this chapter, Xt is the sensor input, which can be an image or a LIDAR scan, for

example. Then, we let p(Yt|Xt) be the class probability distribution associated with

each data Yt = fω(Xt) (pixel, LIDAR point, etc.), which is obtained from a semantic

segmentation neural network fω(·). Under this observation model, standard semantic

Bayesian fusion [208] approximates the posterior of a voxel by

p(li|X1:t) ∝ p(li|X1:t−1)
∏

j

p(yj = li|Xt), (4.2)
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where the product,
∏

j, includes, for the time t, the NN outputs yj ∈ Yt (labeled pixels,

points, etc.) from Xt whose projection falls in the corresponding voxel. We assume

the computation of this projection is given by existing geometric mapping algorithms,

e.g., SLAM, noting that both Eq. (4.2) and our proposed fusion method can be applied

independently of how the metric part is computed.

The inclination of NNs to return over-confident observations is an important prob-

lem for (4.2) because a single outlier with high probability has a strong negative impact

in the posterior distribution. A simple numeric example of this problem is illustrated

in Figure 4.2, where it can be observed how one measurement shifts the posterior

distribution to wrong values independently of the number of measurements in X1:t−1.

4.3.2 BNN for Semantic Observation

As a first step towards obtaining a more robust semantic fusion mechanism, we consider

the use of a Bayesian neural network, instead of a standard neural network.

Considering a posterior distribution p(ω|D) on the neural network weights after

training on dataset D, the semantic observation of the network can be defined by the

predictive posterior distribution:

p(yj|Xt,D) =

∫

ω

p(yj|Xt, ω)p(ω|D)dω. (4.3)

Without loss of generality, we use Monte-Carlo dropout to compute the posterior distri-

bution p(ω|D), but other methods such as deep ensembles, or feature density could be

used. We approximate the predictive posterior distribution using directly the Monte-

Carlo samples as follows:

p(yj|Xt,D) ≈ 1

M

M
∑

i=1

p(yj|Xt, ω
(i), (4.4)

where p(yj|Xt, ω
(i)) is the output of the network for sample ω(i). The Monte-Carlo

samples are generated at test time, sampling a Bernoulli distribution that multiplies

the values of each weight in the network. In practice, this is implemented by dropout

layers that remain active at test time.

Importantly, this definition of the observation enables the computation of the un-

certainty associated with the output of the network Σ(Xt), which can be divided into

Σ = Σa + Σe. In this case, Σa(yj) is called the aleatoric uncertainty, it is related to the

data noise and it is already encoded in the entropy of the output probabilities. Notice

that, higher Σa(yj) will have a low influence in Eq. 4.2 with the uniform distribution

having no effect. The epistemic uncertainty Σe(yj) represents the uncertainty of the
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Figure 4.2: Influence of an outlier in traditional approaches vs. our robust
semantic Bayesian fusion. One wrong observation (middle distribution) can shift
drastically the prior distribution (left), to values where the highest probability belongs
to the wrong class (right upper). Our method (right lower) first regularizes the mea-
surements to avoid overconfidence and considers the epistemic uncertainty of the model
in the Bayesian fusion with the α term.

model or the lack of knowledge with respect to a new input Xt,

Σe(yj) = 1
M

∑M

i=1

[

(

p(yj|Xt, ω
(i))− p(yj|Xt,D)

)

·
(

p(yj|Xt, ω
(i))− p(yj|Xt,D)

)T
]

.

(4.5)

The lower this quantity, the more we can trust the prediction of the network about the

observation.

4.3.3 Robust Fusion Algorithm

In order to reduce the sensitivity of the fusion to outliers with low aleatoric uncertainty,

i.e., wrong observations with high confidence in the winning class, we first include a
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constant regularization term, β, in the output of the network,

p̃(yj|Xt,D) ≈ (1− β)
1

M

M
∑

i=1

p(yj|Xt, ω
(i)) + βU , (4.6)

where U = ( 1
k
, . . . , 1

k
) is a uniform distribution over the semantic class set K. This

equation can be understood as the marginalization of the probability distribution given

by the neural network, conditioned to the probability it has to make a mistake, defined

by β.

The positive consequence of the regularization is that overconfident outlier measure-

ments will have less influence on the posterior distribution. On the other hand, the

mapping algorithm will require more measurements of each voxel before committing

to a specific class.

Second, we modify the categorical distributions from Eq. (4.2) by Dirichlet distribu-

tions Dir(p, α), where the concentration parameters α = {αi}Ki=1 are inversely related

to the epistemic uncertainty component, that is,

αt,j,i = − log(Σe(yj, li)), (4.7)

where Σe(yj, li)) represents the marginal variance associated with label li. Therefore,

our Bayesian fusion equation is

p(li|X1:t) ∝ p(li|X1:t−1)
ᾱt−1,i
ᾱt,i ·

∏

j

p̃(yj = li|Xt,D)
αt,j,i
ᾱt,i , (4.8)

where ᾱt,i is a normalizing constant equal to the the maximum value up to time t for

label li, that is,

ᾱt,i = max
τ<t,j
{ατ,j,i}. (4.9)

We can think that the Dirichlet distribution in this case represents the confidence on

the underlying distribution. For example, if we have an observation with a higher con-

centration, it is equivalent to fusing multiple observations with that value, therefore

having a higher multiplicity in Eq. (4.2). Figure 4.2 illustrates the effect of the regu-

larization in the measurement and the effect of the fusion of Dirichlet distributions in

the computation of the posterior.

4.4 Experiments

We evaluate the impact of our robust fusion method on the semantic mapping task and

investigate the advantages it offers compared to existing fusion methods. To achieve

this, we use an RGB-D camera to capture images of different environments along a fixed
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Figure 4.3: Environment visualizations. Overview of the Office and House virtual
scenes and two environments from the real dataset, ScanNet (sequences 6 and 40).

trajectory with known poses, so that uncertainties and errors related to geometry do not

affect the analysis. These images are then input to a Bayesian semantic segmentation

network, and the resulting predictions are projected onto a map using the camera’s

depth information and fused considering different methods.

4.4.1 Environments

Ideally, we would like to abstract the problem of semantic fusion from other uncer-

tainties arising from sensor pose and depth estimation. Furthermore, having accurate

semantic ground truth (GT) is also advantageous. Therefore, we initially test our se-

mantic mapping in a photo-realistic simulation environment using Unreal Engine 41

and the Airsim simulator to model a virtual camera in the scene. The simulator pro-

vides the sensor poses, RGB images, and GT depth and semantic labels. We model

two different environments called Office and House. Figure 4.3 offers an overview of

the environments. We conduct mapping over three different trajectories within each

environment and evaluate the aggregation of the results.

We further evaluate our approach on three sequences from ScanNet (6, 9 and 40).

This is a real dataset with annotated 3D reconstructions of indoor scenes that provide

GT camera poses and depth measurements [226]. This dataset validates the appli-

cation of our method to real-world scenarios and how it performs under noisy depth

measurements coming from a real device.

1https://www.unrealengine.com/en-US
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For the mapping framework, we use a simple voxel hash-map. By relaxing the need

to deal with occupancy probability, we only store surface (i.e., occupied) voxels and

avoid storing the free space, reducing the storage and increasing the efficiency, resulting

in a simple scheme to study the semantic fusion problem. We always use a voxel size

of 0.1m.

4.4.2 Sensor configuration

We use a BNN based on the semantic segmentation model DeepLab-v3 [227]. We

place a dropout layer after each ResNet block with a dropout rate d = 0.3, following

[111]. At inference, we keep the dropout layers active and obtain 32 samples from the

approximate posterior using MC dropout. For the baseline models, we use the same

network with inactive dropout layers, as in traditional deterministic models.

Real applications require robust methods that can generalize to new situations.

We introduce this challenge in our experiments by training on different environments

than that of the testing. For the simulated environment, we train on real data using

the VOC12 Dataset [228]. We select the samples that contain any of the six classes

of interest (see Table 4.1), corresponding to indoor objects present in the simulation

setup. For the real environment, we train on the NYU-v2 dataset [229] with 12 labels

and evaluate the semantic mapping in sequences from the ScanNet dataset [226].

4.4.3 Metrics and Baselines

In order to assess the quality of the mapping, we measure the Intersection over Union

(IoU) over each of the classes and compute the mean IoU (mIoU). We also compute the

Accuracy for all the voxels in the map. To evaluate each part of the robust fusion, we

perform an ablation study using the regularization (R), the Dirichlet model (D), and

both at the same time (D+R). The parameter β used in the regularization is set to 0.3

for all the experiments. Adapting this value depending on the environment and the

class might improve the results and will be explored in the future. We also compare our

method with three current semantic fusion methods using a deterministic version of

our neural network: summing the predicted probabilities [219], counting the predicted

classes as labels [218], and the Bayesian fusion [208] described in (4.2).

4.4.4 Results

Figure 4.4 (a) shows different examples of images in the real and simulated sequences.

There, it is possible to see the difference between the GT semantic labels (b) and the

output of the BNN (c), which motivates the need for better fusion models. Finally, we
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(a) RGB Image (b) Ground Truth (c) BNN Prediction (d) Epistemic Unc.

Figure 4.4: Qualitative results of the Bayesian semantic segmentation in Scan-
Net scenes (top) and in our simulated environment (down). We find higher
values of the epistemic uncertainty (in red) in the regions where the BNN fails in the
prediction, showing its degree of confidence.

show the epistemic uncertainty associated with the predictions in (d). Notably, the red

areas in (d), which correspond to pixels with high uncertainty, are associated in many

cases with errors in the classification.

Simulated environments In Table 4.1, we present the quantitative results for the

virtual environment. All baselines achieve comparable mIoU and accuracy, which is

expected since the neural network accuracy will be similar. However, the fusion ap-

proach has a strong influence on the final map. The ablation rows show that, when

applied individually, each term in our fusion (D and R) improves the quality of the

semantic fusion, making them a valuable addition to the current state-of-the-art meth-

ods. Finally, the combination of D and R obtains the best results for the majority of

classes.

Real environments The quantitative results on the real scenario of the ScanNet

dataset are shown in Table 4.2. These results show a similar trend as those obtained
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Sum. Probs. [219] 89.2 25.4 30.7 12.5 18.0 43.7 6.4 32.3 89.1
Sum. Labels. [218] 89.9 27.5 32.3 15.1 19.9 47.6 7.2 34.2 89.5
Bayesian [208] 90.5 20.6 44.6 21.9 18.1 51.5 5.3 36.1 90.8

R 91.1 26.9 46.5 23.2 20.1 58.2 9.9 39.4 91.4
D 91.4 24.1 42.7 21.3 19.8 68.9 3.4 38.8 91.8

Robust Fusion
(Ours)

D + R 91.9 30.7 45.5 22.4 21.5 71.2 10.6 42.0 92.2

Table 4.1: Quantitative results on the virtual environment. We report the IoU
per class, the mIoU, and the mAcc to evaluate the quality of the semantic mapping. We
aggregate the measurements from three trajectories in each of the two environments.
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Sum. Probs [219] 22.9 16.8 21.4 48.6 32.7 20.4 5.2 24.2 15.4 14.1 59.2 10.2 20.8 53.1
Sum. Labels [218] 27.5 19.6 22.3 51.1 32.0 20.2 5.8 23.6 15.3 33.2 59.7 11.2 22.9 53.8
Bayesian [208] 29.3 21.7 26.9 59.7 35.4 23.5 7.4 33.5 15.7 31.9 63.6 11.7 25.8 57.9

R 30.9 22.0 27.5 60.1 35.9 23.6 7.4 34.7 15.8 28.9 63.6 12.4 25.9 58.0
D 41.6 28.2 33.3 72.4 37.5 28.6 23.9 44.5 18.5 14.1 65.7 32.2 30.1 63.7

Robust Fusion
(Ours)

R+D 42.1 28.2 32.8 72.5 38.2 28.7 23.9 43.8 19.0 12.6 66.0 31.4 30.0 63.9

Table 4.2: Quantitative results on the ScanNet dataset. We report the IoU per
class, the mIoU and the mAcc to evaluate the quality of the semantic mapping. We
aggregate the measurements from three different scenes.

for the simulated environment, showing that our approach generalizes well to real

scenarios. Notably, for the case of these scenes, the contribution of the epistemic

term (D) is more significant than in the simulated case. We argue that this might

be produced by a larger fraction of out-of-distribution samples than in the simulated

environments.

Finally, we show qualitative results of the generated maps in Figure 4.5 for both

configurations. Compared to the baseline, our mapping is less sensitive to outliers. For

example, the sofa on the top example and the beds on the bottom are better segmented

with less spurious classes. Overall, our approach shows promise for practical applica-

tions in real-world scenarios, demonstrating its potential to enhance the performance

of semantic mapping in new environments, dealing with unknown data and outliers in

a reliable manner.

4.5 Conclusion

In this chapter, we proposed a robust fusion method for semantic mapping that lever-

ages Bayesian neural networks to consider the uncertainty of the network in the se-

mantic fusion process. We achieved this by combining a regularization term, to miti-
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(a) Ground-truth (b) Standard fusion (c) Robust fusion (ours)

Figure 4.5: Qualitative examples of the experiments performed in virtual
(top) and real (bottom) scenarios. Voxels corresponding to the background class
were removed for clarity. Our robust Bayesian fusion method is able to improve the
mapping by reducing the influence of wrong measurements on the map.

gate the overconfidence in the predictions, together with a Dirichlet representation of

the observations, using the epistemic uncertainty as a concentration parameter. Our

method showed advantages over currently used methods when evaluated in both virtual

photo-realistic and real environments, suggesting the importance of considering model

uncertainties in tasks that require semantic understanding of the scene.
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Chapter 5

DIV-FF: Dynamic Image-Video
Feature Fields For Environment

Understanding in Egocentric Videos

In the two previous chapters, I introduced environment representations

based on explicit functions such as voxel maps and point clouds. How-

ever, these representations scale with scene size, capture sparse and limited

information (only RGB color and the semantic class), and assume a static

scene. In this chapter, I introduce Dynamic Image Video Feature Fields

(DIV-FF), a language-embedded feature field that decomposes the scene

into three components: the actor, the dynamic objects, and the persistent

environment. This approach constitutes an implicit neural representation

capable of jointly modeling geometry, appearance, and semantic under-

standing from egocentric video. While it provides a persistent, long-term

representation that captures fine-grained affordance descriptions, it is also

dynamically updated to maintain an accurate record of the location and

state of dynamic objects over time.

5.1 Introduction

Egocentric videos offer a unique way to understand human activities from a first-person

perspective, benefiting applications like mobile robotics, augmented reality and assis-

tive devices. However, in egocentric videos an actor continuously moves to interact

sporadically with multiple dynamic objects in a static scene, breaking the usual rigid

scene assumption made in previous chapters. This tight integration between objects,

actions and the dynamic scene introduces both opportunities and challenges for envi-

ronmental understanding from egocentric videos.
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Figure 5.1: Dynamic Image Video Feature Fields (DIV-FF) for egocentric
videos. DIV-FF distills image and video language features in a triple stream feature
field tailored to egocentric videos with numerous interactions and camera wearer move-
ments. This approach achieves a deep understanding of the environment, supporting
precise affordance segmentation, semantic scene decomposition and consistent segmen-
tation of dynamic objects. With its implicit 3D representation, DIV-FF comprehends
not just novel views but also surrounding areas.

Most existing methods in egocentric environment understanding either consider a

short video clip isolated from the physical space [28,29,230–232] or they provide a strong

spatial representation but with low semantic understanding [65,66,181,233]. However,

when humans interact repeatedly in a fixed environment, we develop a physical and

semantic model that integrates the spatial distributions of the elements around us, both

persistent and dynamic. The semantics capture detailed information about objects

and their attributes through natural language descriptions. Additionally, we encode

the available action (i.e.: affordance) locations in the environment, linking physical

zones of interaction to the likely activities they support. Besides, this implicit semantic

model is dynamically updated as the actor interacts, recording the location and state of

dynamic objects at every moment. In that sense, some approaches propose intermediate

representations between a pure semantic understanding of the video without explicit

representation and a pure geometrical representation. They adopt semantic topological

maps [39], local environment state representations [234] or explicit representations

[38,75] for improving the environment understanding of the scene. In this chapter, we

build an implicit (neural network) model that is able to jointly capture the geometry,

appearance and semantic understanding encoded in the video, and enable predictions
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in novel-view points using Neural Radiance Fields (NeRFs).

NeRFs provide a compact implicit representation of the geometry and visual ap-

pearance of a scene [235]. The implicit representation of NeRFs can also be used for

semantic encoding, supporting multiple applications like robot manipulation [236,237],

navigation [238], or scene editing [239,240]. For example, Neural Feature Fusion Fields

(N3F) [241] extends the NeRFs predictive capabilities in a teacher-student fashion,

where a teacher model that predicts semantic features in image space is used to train a

NeRF-like student to predict semantic features in 3D space. These semantic capabilities

are further extended in Language Embedded Radiance Fields (LERF) [242], enabling

natural language query in 3D locations by volume rendering CLIP embeddings. How-

ever, LERF assumes a rigid scene which limits its applicability to egocentric videos

where the actor is interacting with the environment. Furthermore, semantic distil-

lation is based on single-image semantic features (e.g., CLIP features) which do not

capture the dynamic nature of actions or changing elements.

In this chapter, we propose DIV-FF (Dynamic Image-Video Feature Fields1), the

first language embedded feature field capable of decomposing both the geometry and

the semantics of the scene for the actor, and also for the persistent and dynamic el-

ements via three different streams. While previous works focus on image-language

embeddings such as CLIP [243], DIV-FF also introduces video-language embeddings

(based on EgoVideo [7]) to understand fine-grained action descriptions. This encodes

the environment affordances, possible actions available in the environment for the ac-

tor, linking specific activities to physical zones where interactions are likely to occur.

A parallel feature field, based on image-language features from CLIP, captures detailed

information about objects and their attributes, categorizing them through natural lan-

guage descriptions rather than fixed semantic tags, even from novel viewpoints. Its

implicit representation, similar to NeRFs, ensures that even areas not visible from the

egocentric camera remain strongly connected in the environment model. Although

this environment model provides a persistent long-term representation, it is dynami-

cally updated as the user interacts, enabling a precise record of the location and state

of dynamic objects at every moment. The main contributions of this chapter are as

follows:

− We introduce an approach to adapt language embedded feature fields to dy-

namic egocentric videos by dividing the radiance and feature fields depending on

whether they are from the actor, dynamic, or persistent elements.

− We propose to distill video-language embeddings (from EgoVideo) to understand

1We use embedding radiance fields and feature fields interchangeably.
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temporally dependent semantics, such as affordances (available actions), which

single-image models like CLIP cannot capture.

− We present a robust image-language feature field enhanced by leveraging SAM

masks, which also includes the temporal dependency and achieves a consistent

segmentation of the dynamic objects over time.

− Our results demonstrate significant improvements in dynamic object (+40.5%)

and affordance segmentation (+69.7 %) by using text query relevancy maps. Fur-

thermore, this model effectively connects the egocentric view with the semantics

of the surroundings and decomposes the scene into different levels.

This work was presented, and selected as Highlight, during the CVPR 2025 confer-

ence:

− Lorenzo Mur-Labadia, Jose J. Guerrero, and Ruben Martinez-Cantin. DIV-FF:

Dynamic Image-Video Feature Fields for environment understanding in egocen-

tric videos. Highlight in IEEE/CVF Conference on Computer Vision and Pattern

Recognition (CVPR) Core Ranking A*, 2025

5.2 Related works

Egocentric environment understanding using geometric representations. Some

works that consider the physical layout build semantic explicit representations from

videos of indoor scenes using visual SLAM systems. Rhinehart et al. [65] learn 2D maps

with the functionality of different actions. Semantic MapNet [77] propose a birds-eye-

view spatial memory for mapping, which is updated with recurrent neural networks to

remember places visited in the past. Cartillier et al. [76] encode the egocentric frame,

project its features, and then decode the semantic labels in a 2D map. Liu et al. [66]

recognize and localize activities in an existing 3D voxel map from an egocentric video.

The limitations in extracting the camera pose from egocentric video [244] due to the

quick camera movements and motion blur have hampered the unification of 3D ge-

ometry and video understanding. Recently, the arrival of egocentric 3D datasets with

camera poses [27,37,38,245] and the improvement of 3D sensors like project ARIA [246]

has unlocked the arrival of novel works. Plizzari et al. [75] track active objects through

their appearance and spatial consistency in the 3D scene, even when they are out of

view. Mur-Labadia et al. [38] extract 2D affordance segmentation maps to build later a

point cloud of the environment encoding those labels. Tschernezki et al. [78] proposed
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a 3D-aware instance object tracking by keeping a long-term consistency. EgoLoc [40]

extend episodic memory to 3D by estimating the relative 3D object pose to the user.

Egocentric environment understanding without geometric representations.

Most egocentric video understanding works just consider a short time window of the

video. Although these works obtain a remarkable semantic understanding in multiple

tasks like action recognition [230, 231], object segmentation [36, 37], action forecast-

ing [28,232] or capturing activity threads [247], these approaches ignore the underlying

physical space of the scene. Some approaches [39,234,248] extract environment-aware

features via alternative representations that avoid the geometric reconstruction prob-

lems from SLAM in egocentric videos [244]. Ego-Topo [39] builds a topological map,

where the nodes represent environment zones with a coherent set of interactions linked

by their spatial proximity. EgoEnv [234] encodes the relative directions of the ob-

jects to the camera wearer in a local state vector, learning an environment-aware video

representation. Ramakrishnan et al. [248] capture the inherent statistics of indoor envi-

ronments to learn an environment predictive coding, which applies later for navigation.

Dynamic Radiance Fields. Neural Radiance Fields (NeRFs) [240] allow capturing

and rendering complex 3D scenes from a set of multi-view posed images. Using an im-

plicit function and via differentiable volume rendering, NeRFs map spatial coordinates

and viewing directions to colors and densities. Early methods for rendering dynamic

scenes [249,250] use pre-trained motion segmentation methods to mask moving objects,

guiding separate NeRFs networks to disentangle motion-based components. Liang et.

al [251] leverage DINO features to identify salient foreground regions along spacetime,

while Wu et al. [252] decouple moving objects from the static background in a self-

supervised manner with two neural radiance fields. NeuralDiff [241] separates the static

background, dynamic objects and the actor’s body via inductive biases, obtaining a

different implicit representation for each part of the scene. Recently, Zhang et al. [253]

optimize 3D Gaussians to reconstruct the scene and track the 3D object motions from

an egocentric video, but requiring pre-extracted hand-object interaction masks.

Feature Distillation in NeRFs. Several works extend radiance fields to integrate 2D

semantic labels into the 3D space during the optimization [254–257]. In contrast, the

objective of 3D feature distillation methods [239,241,258,259] is to transfer 2D image

features from a teacher model (i.e, a self-supervised model like DINO [74]) into a 3D

student neural renderer. Expanding on this, 3D language feature fields distill image-

text CLIP features [243], enabling querying the 3D student with open-vocabulary text

descriptions to obtain relevancy maps. LERF [242] fuses multi-scale patch-level CLIP

features conditioned on the scale. N2F2 [260] addresses the need for evaluating the

rendering at the different scales by learning a unified feature field, where the different
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Figure 5.2: Overview of DIV-FF. Our three-stream architecture field predicts the
color c, the density σ, the material aleatoric uncertainty β, the image-language features
ϕ and the video-language features ψ along a ray r with direction d given the camera
viewpoint g and a frame specific code z. We first extract SAM masks and bounding
boxes from the image, that we leverage to obtain a unique CLIP descriptor ϕGT in all
the pixels within the respective mask. We supervise the video-language feature field
with local patch features ψGT (Vp) and a global video embedding ψGT (V ) assigned only
to pixels in the interaction hotspot MIH , computed with a pre-trained hand-object
detector.

semantic granularities are encoded in a high-dimensional feature space. LangSplat [261]

adopts 3D Gaussians [262] and combines CLIP features with multi-scale SAM masks,

improving the segmentation quality. EgoLifter [263] augments 3D Gaussian Splatting

with instance features from egocentric videos, but it only reconstructs the static part

of the scene by filtering out the actor and the dynamic objects.

5.3 Methods

Our approach is to build a language embedding feature field that decomposes the 3D

representation in three components (persistent environment, dynamic environment and

actor) for accounting the inherent dynamics present in egocentric videos. In addition,

we incorporate a second modality stream of embeddings based on video-language mod-

els which can capture the action semantics only present in the video modality. Besides,

we introduce a time-dependent module on the dynamic and actor stream, capturing

the temporal evolution of the feature fields.

5.3.1 Dynamic Neural Radiance Fields

The geometry model [264] captures the dynamic scene by integrating three different

radiance fields, illustrated in Figure 8.2. The persistent environment network predicts

the color cpk and density σp
k at each point along a ray rk, given a viewing position gt

and unit-norm viewing direction dt. Formally, it is defined as (cpk, σ
p
k) = MLPp(gtrk, dt).
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To model the dynamic objects in the scene, a second dynamic environment network

(cdk, σ
d
k, β

d
k) = MLPd(gtrk, z

d
t ) estimates the density σd

k and the color as a Gaussian dis-

tribution N (cdk, β
d
k), where βd

k represents the heteroscedastic aleatoric uncertainty as-

sociated with the color. It also includes as input a frame-specific code zdt that accounts

for temporal variations of the dynamic objects, which exhibit sporadic motion relative

to the global reference frame. The actor network is similar to the dynamic environment

network, but since the actor moves continuously linked to the camera, it removes the

projection of the ray to the world coordinate system (cak, σ
a
k , β

a
k) = MLPa(rk, z

a
t ). Here,

zat is a frame-specific parameter designed to capture the continuous motion of the actor.

The predicted material uncertainty terms βd
k , β

a
k indicate the confidence levels associ-

ated with each ray rk for representing the dynamic objects and the actor, respectively.

By employing improved color mixing techniques and inductive biases during training,

the model accurately reconstructs scene dynamic geometry as a composite of the three

radiance fields. For more details on the geometric model, please refer to [264].

5.3.2 Image-Language Feature Field

We extend the three-stream geometry model to distill image-language semantic features

from CLIP [243]. Since the CLIP image encoder is a global image descriptor, it lacks

pixel-aligned embeddings. To address this, LERF [242] extracts multi-scale patch-level

features, which often fail to encompass the target object or add excessive contextual

information. It results in blurred object boundaries and noise, requiring DINO [74] for

regularization.

As shown in Figure 8.2, our model incorporates pixel-aligned CLIP features by

leveraging accurate object masks generated by Segment Anything Model (SAM) [17]

inspired by recent works [260, 261]. Specifically, we extract CLIP features per each

segmented mask region ϕGT
M and its respective bounding box ϕGT

B . We assign the

same weighted descriptor ϕGT = 0.75 · ϕGT
M + 0.25 · ϕGT

B to all the pixels within the

mask. This balanced approach achieves pixel-level alignment while preserving semantic

context. Furthermore, the use of precise semantic masks with sharp object boundaries

eliminates the need for DINO regularization used in previous works [242], leading to

the following loss formulation:

LI =
∥

∥

∥
ϕ̂− ϕGT (Ip)

∥

∥

∥

2

. (5.1)
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5.3.3 Video-Language Feature Field

While the CLIP image-language features contain fine-grained and accurate details of

the objects, they ignore interaction semantics present in egocentric videos as they re-

quire temporal information. Therefore, we incorporate in parallel a video-language

feature field to capture dynamic semantics, such as affordances and potential interac-

tions. We leverage Video-Language Pre-trained (VLP) models [6,7], which offer richer

and action-oriented context by pairing narrative descriptions with video using con-

trastive learning. We select Ego-Video [7], the state-of-the-art in multiple Ego4D [26]

challenges, for this task. Similar to CLIP, the video encoder of Ego-Video outputs a

single descriptor from a video patch, not pixel-aligned features. In this case we cannot

use object masks as in Section 5.3.2, because our goal is to identify interaction hotspot

regions, including both the hands and the object parts (e.g. “knife edge”, “spatula

handle”), not just the entire object. While SAM’s small masks could localize these

areas, their limited size loses essential action context.

Therefore, we distill the video-language feature field with patch and global-level

embeddings. We first pre-compute video descriptors ψGT (Vp) from medium-sized video

patches Vp, balancing fine-grained details with action context. Second, we derive a

global descriptor ψGT (V ) for the entire video, assigned solely to the pixels within the

interaction hotspot area MIH [53]:

LV =
∥

∥

∥
ψ̂ − ψGT (Vp)

∥

∥

∥

2

+MIH

∥

∥

∥
ψ̂ − ψGT (V )

∥

∥

∥

2

. (5.2)

This improves the feature field’s capability to capture relevant interaction regions. We

obtain the interaction hotspot maskMIH as the union of the hands and active objects

bounding box, pre-extracted with an existing hands-object detector [36]. Additionally,

the training of this feature field is regularized with pixel-aligned DINO [74] features

thanks to its object decomposition properties [242].

5.4 Experimental Settings

Implementation details. We extend the three stream architecture of NeuralDiff [264]

by incorporating 4-layer, 256-width MLPs for the image ϕ and video language ψ feature

fields, respectively. Both the coarse and fine models use 64 samples, while we select

the best 32 samples for the feature distillation. The representations are summed and

normalized post-rendering. We use an Adam optimizer with a learning rate of 5 ×10−4

and a cosine annealing scheduler. We train the geometry for 10 epochs with a batch

size of 1024, then distill semantic features in two phases: training only the semantic

heads for 5,000 iterations, followed by the full model for 3 epochs on an NVIDIA 4090.
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Feature extractors. To extract the CLIP image embeddings, we utilize the Open-

CLIP ViT-B/16 model [265] trained on the LAION-2D dataset following [242] for fair

comparison. We prompt SAM [17] with a 32 × 32 grid, filtering redundant masks

by 0.7 IoU, 0.85 stability score, and 0.7 overlap rate. We reduce the dimensionality

of CLIP descriptors by training a scene-wise language auto-encoder [261] to reduce

the memory cost. We sample 4 video frames at 60 fps with a temporal stride of 15.

Local-patch video features are extracted using a patch size of 33% the image size and a

stride factor of 0.5. For masking the global video descriptor, we employ a hand-object

detector [36], specifically finetunned for egocentric sequences.

Dataset. We conduct our experiments on the EPIC-Diff subset [264] of the EPIC-

Kitchens [25] dataset. On average, each sequence comprises of 900 calibrated frames,

spanning 14 minutes of egocentric video, featuring multiple viewpoints and a large

number of manipulated objects. Our evaluation encompasses both our method and

the baselines on the test set, which includes frames not utilized during model training.

This set facilitates assessments of new-view synthesis and segmentation capabilities.

Baselines. We compare against the following baselines:

− LERF [242] assumes a static scene, using a single stream for geometry and

semantics. The image-language field is distilled from multi-scale patch-level CLIP

features.

− OWL [266]. We apply this open-vocabulary object detector on the novel-view

rendered images produced by Neural-Diff [264].

− OWL+SAM [17, 266] obtains the object’s masks from the bounding box coor-

dinates provided by the OWL baseline.

Ablations. We compare different versions of DIV-FF.

− DIV-FF (CLIP in patches) keeps the CLIP patch features from LERF ϕGT =

ϕGT
P , but it introduces the dynamic geometry model from [264].

− DIV-FF (CLIP in SAM masks) substitutes CLIP patch features by embed-

dings from SAM masks ϕGT = ϕGT
M .

− DIV-FF (full model, image inference) incorporates the bounding box to

obtain the CLIP descriptor ϕGT = 0.75 · ϕGT
M + 0.25 · ϕGT

B , where ϕGT
B .

− DIV-FF (full model, video inference). In the full model, we render from

the parallel video-language feature field.
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5.5 Results

Once trained, our DIV-FF model predicts the color c, density σ, CLIP ϕ and EgoVideo

ψ semantic features of a novel-view in an specific time-step and separates the actor and

the dynamic elements from the persistent environment. We evaluate this comprehensive

spatio-temporal semantic understanding in different downstream tasks.

5.5.1 Dynamic Object Segmentation

In each scene, we identify a subset of objects that move throughout the video and

evaluate in the novel-views the relevancy maps originated by the text queries in the

ϕimg image-language feature field. Following the method proposed by LERF [242], we

compute the relevancy score as: mini
exp(ϕimg ·ϕquer)

exp(ϕimg ·ϕquer)+exp(ϕimg ·ϕi
can)

. This formula evaluates

how closely the rendered embedding ϕimg matches the query embedding ϕquer compared

to a set of predefined canonical phrases ϕi
can (“object”, “thing”, “stuff”, “texture”,

“hands”). Segmentation masks are generated for relevance scores above a specified

threshold. For the evaluation, we leverage existing annotations from [241] and report

the mean intersection over union (mIoU). We visualize the text query relevancy maps

by normalizing from 50 % to the maximun relevancy.

Table 5.1 presents quantitative results on EPIC-Diff scenes. The full version of

DIV-FF achieves the best performance (30.5 mIoU), surpassing the OWL+SAM de-

tector (21.7 mIoU) by +40.5%, illustrating that distilling semantic features outperforms

traditional open vocabulary object detection from novel views, since the OWL model

fails due to artifacts and the blurry hand effects in the novel view rendered. The

CLIP patch-level version of DIV-FF (19.8 mIoU) significantly improves upon LERF

by explicitly considering the dynamics parts in the semantic and geometric fields with

the triple stream architecture of DIV-FF. This leads to sharper reconstructions, par-

ticularly for moving objects as shown in Figure 5.4. Subsequently, leveraging SAM

to extract object-level CLIP features further improves performance (26.2 mIoU), and

generates more accurate and consistent semantic renderings compared to CLIP patch-

level embeddings. Finally, the introduction of contextual information from the object

bounding boxes ultimately yields to the best performance (30.5 mIoU).

Figure 5.3 showcases novel-view renderings for various text queries in two scenes,

effectively capturing fine-grained details like the “countertop” borders. The uniform

assignation of the same CLIP descriptor across all object pixels allows DIV-FF to

segment objects of any size, such as “sink” or “banana”. As Figure 5.5 shows, our

approach also segments consistently dynamic objects across multiple novel views in

different time-steps of the sequence due to the combined impact of object-level CLIP
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Figure 5.3: DIV-FF Image-Language relevancy maps in novel-views. We can
see the performance of various text queries for dynamic object segmentation. We can
see how the object contours are well defined as we used masks during training.

features and the temporal encoding in the frame-specific codes. Unlike egocentric

methods limited to short time windows, our environment understanding extends be-

yond the current view to the surrounding regions. Figure 5.7 illustrates this capability,

showing how our 3D semantic implicit model segments the “pot” and “sink”, despite

being almost occluded in the edge of the image.

5.5.2 Affordance Segmentation

We identify affordable actions in each scene and generate Ego-Video [7] text queries

ψquer describing the interaction, which are more complex than simple object labels

as they capture nuanced action dynamics. We compute the relevancy score from the

video-text feature field ψ against a different set of canonical phrases ψi
can (“general

task”, “indistinct movement”, “unclear action”, “background”). We manually annotate

89



Figure 5.4: Ablations on the image-language feature field. Treating the egocen-
tric video as a dynamic scene enhances geometric reconstruction, while utilizing SAM
masks further improves object segmentation accuracy.

Method S01 S02 S03 S04 S05 S06 S07 S08 S09 S10 Average mIoU
LERF 22.1 10.1 11.7 9.7 13.2 18.6 12.5 6.2 19.0 5.5 12.8
NeuralDiff +
OWL-ViT

9.4 10.2 13.2 15.4 9.4 13.3 14.5 23.2 23.7 28.9 16.1

NeuralDiff +
OWL-ViT + SAM

8.7 12.6 23.2 23.9 13.8 15.9 17.8 28.0 32.9 41.1 21.7

DIV-FF
(CLIP in patches)

26.9 21.7 18.3 16.8 18.1 24.9 17.3 12.3 17.9 23.6 19.8

DIV-FF
(CLIP in SAM masks)

30.7 19.3 29.6 24.9 31.3 26.1 28.8 14.8 23.8 35.1 26.2

DIV-FF
video infer.

16.1 15.4 9.3 9.5 21.8 20.7 10.7 18.5 17.9 20.6 16.6

DIV-FF
image infer.

40.3 30.4 37.4 29.8 29.5 32.6 30.6 15.1 25.1 33.6
30.5

(+40.5%)

Table 5.1: Dynamic Object Segmentation by CLIP image-language feature
field. Compared with LERF, DIV-FF considers a dynamic scene in the geometric
reconstruction. Our full model assigns the same descriptor to all the pixels within a
SAM mask. This descriptor is a weighted average between the CLIP of the mask and
the bounding box.

affordance segmentation masks for five affordable actions per sequence, resulting ≈ 700

masks. We report mIoU.

Table 5.2 demonstrates the effectiveness of video-language features in capturing

actions. Previous methods that rely on single-image CLIP features miss the dynamic

action context in egocentric videos. Consequently, the video-language feature field

of DIV-FF excels in the affordance segmentation, achieving 20.7 mIoU (+69.7 %),

benefiting from training on video narrations, unlike CLIP models that use static image

captions. We visualize these differences in Figure 5.6, showing the relevancy scores for

text queries detailing specific actions. The image-language model performs well when

actions are explicitly linked to objects, such as “cut the onion” or “add ingredients to

the mixture”.

However, it struggles with verbs or semantic contexts that imply a location, like

“wash a kitchen utensil”—which suggests the sink—or “toast the bread”, associated
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Figure 5.5: Consistent Dynamic Object Segmentation along different time-
steps in novel views: The dynamic and actor streams contain respective frame-
specific codes zft andzat . This time encoding is also propagated to the semantic feature
field, obtaining consistent segmentations despite the continuous movement of the “spat-
ula” and “blue cutting board”.

Method S01 S02 S03 S04 S05 S06 S07 S08 S09 S10 Average mIoU
OWL-ViT 4.8 4.2 1.4 5.6 4.8 2.3 13.2 4.0 5.4 4.4 5.0
OWL-ViT + SAM 4.6 5.4 1.9 4.6 5.8 1.1 8.6 4.5 7.7 8.3 5.3
LERF 18.2 17.4 6.8 11.5 11.9 18.4 11.7 7.5 15.2 4.2 12.2
DIV-FF (CLIP in patches) 17.1 15.6 7.1 9.4 12.9 19.7 12.4 11.3 15.3 12.6 13.3
DIV-FF (full m., image infer.) 17.3 13.7 6.2 13.7 19.1 8.1 18.5 7.1 11.1 3.6 11.8
DIV-FF (full m., video infer.) 20.6 19.9 14.4 22.4 30.1 22.3 20.1 16.8 17.1 23.1 20.7 (+69.7%)

Table 5.2: Affordance Segmentation. We compare the segmentation masks of a
set of affordable actions in the scene. The full version of DIV-FF is composed by two
parallel semantic feature fields, image (CLIP + SAM + boxes descriptors) and video
(Ego-Video) respectively.

with the toaster. In these instances, the video-language model distinctly outperforms,

accurately identifying the action’s interaction hotspot. We also highlight that the

localization of these fine-grained areas is due to the additional global supervision to

the local medium-size Ego-Video patch features, as Figure 5.9 shows. The joined effect

of the two losses improves the relevancy maps by explicitly guiding the optimization

toward the interaction hotspot regions. Table 5.2 also shows that for single-image

models, patch-based methods (LERF, CLIP in patches) outperform the full model

using object masks, as we suggested in Section 5.3.3.

5.5.3 Amodal Scene Understanding.

Our DIV-FF model comprises three distinct levels of geometry and semantics, repre-

senting different scene levels as illustrated in Figure 5.8. This introduces significant

versatility in the environment understanding. For example, we can remove the actor’s

hands to reveal the dynamic objects without occlusions. Additionally, eliminating both
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Figure 5.6: Affordance Segmentation qualitative examples. We compare the
relevancy maps produced by the image-language field against those from the video-
language field of DIV-FF, based on a detailed action description text query.
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Figure 5.7: Surrounding Understanding. DIV-FF understands the novel view and
the surrounding environment, enabling segmentation of objects at the image’s edges
with limited observability.

Figure 5.8: Amodal Scene Understanding. We visualize the PCA components ob-
tained from the different composition of the image-text feature fields, showing accurate
decomposition of the objects contours due to the SAM masks regularizing effect.

the actor and dynamic elements exposes only the persistent parts of the scene. Our

intuition is that this static spatial-semantic representation contains strong priors that

can be exploited when the user revisits the scene at another time.

5.6 Limitations

The image-language field of DIV-FF inherits several limitations from SAM, notably in

the excessive segmentation of objects that omits some of its parts. This is evident in

cases such as the “cup” in P04-01, “plate” in P13-03 and “sink” in P21-01 examples

of Figure 5.10. The segmentation produced by SAM either omits some parts of the

objects or introduces artifacts such as holes. Another limitation of DIV-FF is the

degradation associated to the geometry, specially when rendering the actor’s hands

(scenes P01-01 and P13-03 in Figure 5.10). The actor’s hands continuous movement

and the biased top-view (egocentric) perspective of all the images pose a significant

challenge in accurately rendering the hands in novel views, which is later reflected in

the relevancy maps for the “hands” text query. Despite the inclusion of persistent,

dynamic and actor streams in DIV-FF to enhance the capture of egocentric video, the

rendering quality of objects in contact with the actor, such as the “green cutting board”

in P01-01 or “pasta” in P13-03 in Figure 5.10, is compromised. This degradation is

primarily due to frequent occlusions by the actor’s hands, disrupting the continuity of

views
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Figure 5.9: Video-Language Loss ablation. Including the global supervision term
in the interaction hotspot mask produces sharper relevancy maps compared to just
having the patch-level (local) term of the loss.

The main limitation in the video-language feature field of DIV-FF is the rendering

of diffuse relevancy maps, which introduce excessive noise (“pour soap on the sponge”

in P01-01 A or “control the stove” in P09-02 A, both in Figure 5.11) in some cases.

5.7 Conclusions

We proposed Dynamic Image-Video Feature Fields (DIV-FF) to address the limita-

tions of existing egocentric video understanding methods. By decoupling the scene into

persistent, dynamic, and actor streams and integrating video-based semantics, our ap-

proach achieves robust and consistent semantic segmentation over time. The model’s

ability to perceive and reason about both persistent and evolving scene elements marks

a significant improvement in affordance and dynamic object understanding. Experi-

mental results highlight DIV-FF’s effectiveness in representing the rich and dynamic

nature of egocentric environments, setting a promising direction for future work in

spatial-temporal scene modeling and interaction-aware perception.
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Figure 5.10: Additional results of the DIV-FF Image Language relevancy map
in novel views. We visualize the ground-truth image, the PCA of the image-language
features and different relevancy maps for different text queries.
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Figure 5.11: Additional results of the DIV-FF Image Language relevancy map
in novel views. We visualize the ground-truth image and three different relevancy
maps of the video-language feature field corresponding of affordable interactions.
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Part III

Forecasting the short-term object
interaction
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Chapter 6

Integrating Affordances and
Attention models for Short-Term
Object Interaction Anticipation

While in the previous chapters I focused on understanding the present or

encoding the perceived environment, in this chapter I introduce methods to

anticipate the next object interaction. My first contribution is STAformer

and STAformer++, two novel end-to-end architectures specifically designed

for the short-term anticipation task. The STAformer prediction head is

based on Faster R-CNN [84], a proposal-based convolutional object detec-

tion architecture. In contrast, STAformer++ is a more advanced version

that leverages Detection Transformers (DETR) [85] to enhance detection

performance in an end-to-end manner. While previous affordance models

primarily improve perception, in this chapter I investigate how to leverage

affordances as strong priors that encode future interactions. Specifically, I

propose refining the verb and noun probabilities from environment affor-

dances, which are extracted by matching the input observation with a set

of activity-centric zones. Additionally, I re-weight the predicted confidence

scores according to their location within the interaction hotspot.

6.1 Introduction

Anticipating the future is a fundamental ability for assistive egocentric devices and

to support human-robot interaction. For example, a smart wearable device could

alert an electrical operator before they short-circuit a switchboard, or a home robot

can support the user by turning on appliances or moving objects according to their

forecasted long-term goal. Predicting the future state of the scene from egocentric

visual observations is a growing research area [267, 268], with works tackling action
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anticipation [29,269–274], locomotion prediction [30,31,233,275,276], hands trajectory

forecasting [67, 68, 277], and next-active object detection [32, 33, 80, 278]. Recently,

Grauman et al. [26] defined the Short-Term object interaction Anticipation (STA)

task as the simultaneous prediction of the action and object category, the object’s

bounding box, and the time to contact, and introduced an international challenge

within the forecasting benchmark of the Ego4D dataset. Inspired by this challenge,

the community proposed different approaches [279–285].

Figure 6.1: Short-Term Object Interaction Anticipation.(a) Our approach takes
as input an image-video pair. (b) The input is processed by the novel STAformer++,
an end-to-end STA model based on transformers which predicts object bounding
boxes, the associated verb/noun probabilities, time-to-contact estimates and confi-
dence scores. (c) In a dynamically and flexible way during training, the model grounds
the predictions on the environment affordances. (e) The final predictions.

The aim of this chapter is to advance research in STA in two main directions. First,

we propose a new architectural design based on transformers to provide a principled and

modern end-to-end architecture for STA which can be easily extended. Specifically, we
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introduce STAformer, which combines a transformer backbone with a Faster R-CNN

detection head, and STAformer++, which improves upon STAformer by including a

novel transformer-based detection head adapted from DETR [85] for the STA task. Dif-

ferently from previous approaches [26, 281, 284], these two architectures operate on an

image-video input pairs, introducing novel attention-based components for image-video

fusion, such as a per-scale frame-guided temporal pooling and dual-cross attention fu-

sion. Besides, these methods leverage the modeling capacity of state-of-the-art feature

extractors such as DINOv2 [16], Swin-T [140], EgoVideo [7] and TimeSformer [286].

Second, to tackle the challenges associated with relating past visual observations

to future events from video, we propose to ground predictions into human behav-

ior by modeling environment affordances. In this chapter, we refer to environment

affordances as the possible interactions that the agent can perform in a given environ-

ment. As highlighted in recent studies [79], human activities exhibit consistency in

similar environments. Our intuition is that linking a novel video across similar envi-

ronments captures a description of the feasible interactions, grounding predictions into

previously observed human behavior. We hence propose to leverage a precomputed

distribution of environment affordances. By matching the input observation with the

affordance database, we obtain the noun and verb affordance probabilities. During

inference, these affordance distributions are used to refine the predicted verb and noun

probabilities. In a more advanced version, we integrate affordance information during

training. An attention mechanism links a new video to all relevant candidates in the

affordance database, enabling a more flexible approach that avoids selecting a fixed

number of database members to construct the distribution. Finally, we predict inter-

action hotspots [67] to re-weigh confidence scores of STA predictions depending on the

object’s locations, linking predictions to spatial priors for interactions in the current

frame. In sum, our contributions in this chapter are:

− We introduce STAformer and STAformer++, two principled architectures for

STA based on transformers. The two architectures have been designed to process

an input image-video pair and their implementations are open-sourced to support

further research.

− We propose different approaches to ground STA predictions in human behavior by

modeling environments affordances. This is achieved with two different methods:

late-fusing pre-learned affordances in a static way, and learning to integrate the

predicted affordances during the training of the end-to-end STA model.

− We further investigate the integration of interaction hotspots to refine the bound-

ing box scores, benefiting predictions close to the interaction hotspots.
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− We contribute a novel set of STA annotations, curated from public EPIC-Kitchens

labels. This effectively provides the research community with a second large-scale

and challenging benchmark for the STA task, besides the popular Ego4D.

− Experiments on Ego4D [26] and EPIC-Kitchens [25] highlight the effectiveness of

the proposed approach, obtaining state-of-the-art results in the validation splits of

Ego4D [26] and in a novel set of curated STA annotations on the EPIC-Kitchens

dataset [25].

− We report extensive ablation studies, an analysis of the influence of the amount of

video seen and a comparative of our affordance against naive priors, highlighting

the challenges of this task.

A seminal part of this work was presented in ECCV 2024, and a follow-up version

is currently under review at T-PAMI journal. Besides, the STAformer architecture

achieved the 2nd position at the Ego4D STA Challenge during the EgoVIS Workshop

at CVPR 2024.

− Lorenzo Mur-Labadia, Ruben Martinez-Cantin, Jose J Guerrero, Giovanni Maria

Farinella, and Antonino Furnari. ZARRIO@ Ego4D Short Term Object Interac-

tion Anticipation Challenge: Leveraging Affordances and Attention-based models

for STA. 2nd Position at Ego4D STA Challenge during EgoVIS Workshop CVPR

2024. arXiv preprint arXiv:2407.04369, 2024.

− Lorenzo Mur-Labadia, Ruben Martinez-Cantin, Jose J Guerrero, Giovanni Maria

Farinella, and Antonino Furnari. Aff-ttention! affordances and attention mod-

els for short-term object interaction anticipation. In European Conference on

Computer Vision. Core Ranking A*, pages 167–184. Springer, 2024

− Lorenzo Mur-Labadia, Ruben Martinez-Cantin, Jose J Guerrero, Giovanni Maria

Farinella, and Antonino Furnari. Integrating Affordances and Attention models

for Short-Term Object Interaction Anticipation. In IEEE Transactions on Pat-

tern Analysis and Machine Intelligence. (Under Review)

6.2 Related works

In this section we review the key advancements in short-term object interaction an-

ticipation, placing it within the broader context of video forecasting. We also discuss

the role of affordances for anticipation, and explore the evolution of object detection

architectures from convolutional to transformer-based models.
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6.2.1 Short-term Object Interaction Anticipation

Furnari et al. [32] initially introduced the concept of Next-Active Objects (NAO),

proposing to detect future interacted objects by analyzing their trajectories as observed

from the first-person point of view. Differently from action anticipation [25], the NAO

detection task is designed to provide grounded predictions in the form of bounding

boxes, which can be particularly informative for wearable AI assistants or embodied

robotic agents. Unlike traditional object detection [287], NAO prediction requires the

ability to model the dynamics of the scene and anticipate the user’s intention. Jiang

et al. [80] developed a method to predict the next-active object location in the form

of a Gaussian heatmap from a single RGB image, combining visual attention with

probabilistic maps of hand locations. Ego-OMG [278] segments the NAO and predicts

the interaction time using a contact anticipation map that captures scene dynamics.

While previous works considered different task formulations and evaluation approaches,

Grauman et al. [26] formalized NAO prediction by introducing the STA task and an

associated challenge on the EGO4D dataset [26]. The initial baseline is composed of a

Faster R-CNN branch to detect objects [287] and a SlowFast 3D CNN [288] for video

processing. Subsequent research introduced architectural enhancements and alterna-

tive approaches. Chen et al. [279] employed pre-computed object detections using

a DETR model and substituted SlowFast with a VideoMAE pre-trained ViT [280].

Pasca et al. [281] proposed TransFusion, which employs a language encoder for action

context summary, performing multi-modal fusion with visual features. While previous

works leveraged pre-extracted object detections for 2D image understanding, Ragusa

et al. [282] introduced StillFast, an end-to-end framework unifying the processing of

2D images and video in a combined backbone. Thakur et al. [283] proposed GANO,

an end-to-end model based on a transformer architecture including a novel guided at-

tention mechanism. Guided attention was integrated within a StillFast architecture

in [284], achieving state-of-the-art results. Thakur et al. [285] introduced NAOGAT, a

multi-modal transformer that attends detected objects and includes a motion decoder

to track object trajectories. Recently, a video-language foundation model denominated

EgoVideo [7] achieved state-of-the-art performance in the STA task. The authors se-

lected 7M ego video-text clips from multiple datasets and trained the model with

standard video-text contrastive learning. The video encoder was then finetunned to

the STA task using the StillFast [282] prediction head. Compared with previous works,

we propose a novel architecture that fuses the image-video pair with attention-based

components and that integrates affordances for refining the predictions.
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6.2.2 Affordances for Anticipation

The computational perception of affordances has been investigated in different forms.

A line of works predicts affordance labels of object parts, requiring strong supervision in

the form of manually annotated masks [54,55,58,289]. However, these methods are not

“grounded” in human behavior as the annotator declares interaction regions outside of

any interaction context [53]. Other works considered the problem of grounding affor-

dance regions in images by leveraging videos depicting human-object interactions in a

weakly supervised way, where only the action label is used as supervision without spa-

tial annotations [53,61–63]. Nagarajan et al. [53] introduced the concept of “interaction

hotspots” as the potential spatial regions where the action can occur. Mur-Labadia et

al. [38] create a 3D multi-label mapping of affordances extracted from egocentric video.

Another line of work infers interaction hotspots from video by forecasting future hand

movements to select candidate regions for future interactions [62,67,68,80]. Few works

studied scene affordances to predict a list of likely actions that can be performed in

a given scene [39, 65]. In particular, Nagarajan et al. [39] proposed Ego-Topo, a pro-

cedure to decompose a set of egocentric videos into a topological map encoding scene

affordances. Despite the interest in affordances, only a few works investigated how to

exploit them for future predictions. Montesano et al. [51] predicted affordance effects

for human-robot interaction. Koppula et al. [47] used object affordances to anticipate

human behavior in the form of motion trajectories of objects and humans. Nagarajan

et al. [39] showed how scene affordances learned from egocentric video can improve

long-term action anticipation. Liu et al. [68] tackled action anticipation by jointly pre-

dicting egocentric hand motion, interaction hotspots, and future actions. Liu et al. [67]

highlighted how interaction hotspots predicted by forecasting hand motion can support

action anticipation. In this chapter we integrate affordances in an unified architecture

for the short therm anticipation task by the first time. In accordance to literature, we

show that affordances are beneficial for performance due to its generalization capabil-

ities. Moreover, we study how to use then during training time.

6.2.3 Object Detection Architectures

Object detectors based on convolutional networks are categorized as either two-stage

or one-stage models, relying on hand-crafted anchors or reference points for object lo-

calization, respectively. Two-stage detectors [12, 290, 291] involve a Region Proposal

Network (RPN) that generates boxes candidates that are subsequently refined. Faster-

RCNN [290] applies a Region of Interest (RoI) alignment and a set of linear layers for

accurate prediction of bounding boxes and semantic class for object detection. One-
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stage approaches, such as YOLO [292] directly predict offset from predefined anchors

without the proposal stage, notably reducing the inference time. However, convolu-

tional models still require manual components like Non-Maximun Suppression (NMS)

to eliminate redundant boxes and rely heavily on anchor generation methods, affecting

overall performance.

These limitations were solved by the arrival of the DEtection TRansformer (DETR)

[85], an end-to-end transformer-based architecture for object detection. DETR intro-

duces the concept of “object queries”, a fixed number of learned embeddings decoded to

predict objects in an image, eliminating the need for hand-crafted components. During

training, these queries interact with the image encoded features through cross-attention

in the transformer decoder. Since each object query ultimately corresponds to a poten-

tial detected object, DETR applies simple linear layers to predict the bounding boxes

and the class labels for each object. However, the instability in the the Hungarian

algorithm for matching the targets with the object queries, the lack of inductive biases

like anchor boxes and the global attention mechanism make very slow the convergence

of DETR. Deformable DETR [293] focuses on selecting a set of sampling points and

applying a deformable attention that attends to a small set of points around the sam-

pled point, improving both the efficiency and accuracy of the model. DAB-DETR [294]

formulates the positional part of the decoder queries as dynamic 4D anchor box coordi-

nates (x, y, h, w), which provides a reference query point (x, y) and a reference anchor

size (w, h) that simplifies the refinement process. DN-DETR [295] introduces a De-

Noising (DN) training strategy that accelerates the DETR convergence by solving the

instability of the bipartite matching. It feeds noisy ground truth samples into the de-

coder and trains to recover the original, uncorrupted data with an additional denoising

loss. DINO-DETR [296] combines DAB-DETR and DN-DETR with the deformable

attention for its computational efficiency, including a contrastive denoising training, a

mixed query selection and a novel “look forward twice” scheme, achieving significant

improvements both in accuracy and convergence. In this chapter, we benchmark both

convolutional and transformer based heads with DINO-v2 [16] and Swin Transformer

(Swin-T) [140] features. We also highlight the importance of the video encoder for

modeling the action dynamics, and the importance of the intermediate components for

fusing both modalities in order to obtain the better predictions.
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6.3 STAformer: a Transformer-based Architecture

for Short-Term Anticipation

As defined in [26], the goal of Short-Term object interaction Anticipation (STA) is

to detect the next-active object from the observation of the image frame at time T ,

IT ∈ R
hs×ws×c, and sequence of frames VT−t:T ∈ R

t×hf×wf×c taken t time-steps before

T . The model’s predictions are a set of detections, defined as a tuple (bi, ni, vi, δi, si),

denoting future interacted objects in the last observed frame IT . Each bounding box

bi is associated with an object category label ni (noun), a verb label indicating the

interaction mode vi, a time-to-contact δi indicating that the interaction will take place

at time T + δi, and a confidence score si.

STAformer is a novel architecture that leverages pre-trained transformer models for

image and video feature extraction [6,16] and introduces novel attention-based compo-

nents for image-video representation fusion. We now describe each of the components

of STAformer in detail, as Figure 6.2 shows.

I. Feature Extraction Following previous work [26, 282], we process a high res-

olution image IT ∈ R
hs×ws×3 sampled from the input video V:T at time T and

a sequence of low-resolution frames VT−t:T ∈ R
t×hf×wf×3 taken t time-steps be-

fore T . First, we extract high-resolution 2D features from IT with a DINOv2

model [16], obtaining a set of 2D image tokens Φ2D(IT ) and a class token CI

offering a global representation of the image. The high-level semantics and dense

localization of DINOv2 features makes them very suitable for the object detection

task. We also extract spatio-temporal 3D features from VT−t:T using a TimeS-

former model [286], obtaining a set of video tokens Φ3D(VT ) and a class token

CV that captures a global representation of the input clip.

II. Frame-guided Temporal Pooling Attention (Figure 6.2(a)). While the

overall video tokens provide a spatio-temporal representation of the input video,

STA predictions need to be aligned to the spatial location of the last video frame.

The frame-guided temporal pooling attention maps video tokens to the spatial

reference system of the last video frame, compressing the 3D representation ob-

tained by the TimeSformer to a 2D one. The 3D video tokens Φ3D(VT−t:T ) are

mapped to 2D pooled video tokens denoted as Φ2D
3D(VT−t:T ) adopting a residual

cross-attention mechanism. Specifically, we compute query vectors from last-

frame video tokens Φ3D(VT ) with a linear projection WQ, while key and value

vectors are computed from the overall video tokens Φ3D(VT−t:T ) using the WK

and WV linear projection layers. We obtain pooled video tokens with a residual
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multi-head attention (A) layer as follows:

Φ2D
3D(VT−t:T ) = Φ3D(VT ) + A(QTP , KTP , VTP )

QTP = Φ3D(VT ) ·WQ, KTP = Φ3D(VT−t:T ) ·WK , VTP = Φ3D(VT−t:T ) ·WV .
(6.1)

Used as queries, last-frame tokens guide an adaptive temporal pooling that sum-

marizes the spatio-temporal video feature map computed and maps it to the 2D

reference space of the last observed frame. The residual connection facilitates

learning and lets the attention mechanism focus on enriching last-frame tokens

with video tokens.

III. Dual Image-Video Attention fusion (Figure 6.2(b)). Image tokens Φ2D(IT )

and pooled video tokens Φ2D
3D(VT−t:T ) are spatially aligned, but carry different in-

formation, with image tokens encoding fine-grained visual features and video

tokens encoding scene dynamics. This module adopts a residual dual cross-

attention that aims to enrich image tokens with scene dynamics information com-

ing from video tokens through image-guided cross-attention and, vice versa, video

tokens with fine-grained visual information coming from image tokens through

video-guided cross-attention. Prior to forwarding image and video tokens to the

multi-head cross-attention modules, these are summed with learnable positional

embeddings to capture insightful spatial relationships and normalized through a

Layer Norm. The residual image-guided cross-attention is as follows:

[Φ̃2D(IT ), C̃I ] = [Φ2D(IT ), CI ] + A(QCA,WCA, VCA)

QCA = [Φ2D(IT ), CI ] ·WQ,

KCA = [Φ2D
3D(VT−t:T ), CV ] ·WK ,

VCA = [Φ3D
2D(VT−t:T ), CV ] ·WV ,

(6.2)

where [·, ·] denotes concatenation along batch dimension, and WQ, WK , and WV

are linear projection layers. After the multi-head attention layer, the refined

image representation [Φ̃2D(IT ), C̃I ] is passed through a residual MLP. The video-

guided cross-attention works in a similar way to compute refined video tokens

Φ̃3D(VT−t:T ) and video class tokens C̃V , but queries are computed from video

tokens while keys and values are computed from image tokens.

IV. Feature Fusion and Fast-RCNN based STA prediction head (Figure

6.2(c)-(e)). Refined image and video class tokens are summed to obtain the
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overall class token CT = C̃I + C̃V , a global representation of the input image-

video pair (Figure 6.2(c)). Refined image tokens Φ̃2D(IT ) are mapped to a multi-

scale feature pyramid [141] P2D(IT ) by rescaling Φ̃2D(IT ) to multiple resolutions

using bilinear interpolation, followed by a 3 × 3 convolution to compensate for

interpolation artifacts. Refined video tokens Φ̃3D(VT−t:T ) are mapped to a feature

pyramid P3D(VT−t:T ) in the same way. The two feature pyramids are summed

and passed through a 2D 3×3 convolution to obtain the fused feature pyramid PT

(Figure 6.2(d)). We adopt the prediction head proposed in Stillfast [282] to obtain

the final predictions (b̂i, n̂i, v̂i, δ̂i, ŝi), which modifies the Faster-RCNN [287] head

integrating components specialized for STA prediction. In short, PT is passed

to a Region Proposal Network (RPN), which computes object proposals. Such

proposals are then used to extract local features from PT with RoI Align [12],

mapping bounding boxes to appropriate layers of the pyramid following [141].

Each extracted local feature vector is concatenated with the fused class token CT

and passed through an MLP with a residual connection. Linear layers are used

to compute noun probabilities p(n)i, verb probabilities p(v)i and time-to-contact

(ttc) predictions. Note that while [282] uses global average pooling to obtain a

global representation of the scene, we naturally use the class token CT learned

from the input image-video pair.

6.4 STAformer++: End-to-End Short-Term Antic-

ipation with Transformers

While STAformer delivers state of the art performance, it still makes use of components

based on convolutional object detectors, notably in the detection head, which may limit

its performance. We investigate whether the inclusion of a transformer-based detection

head can further improve performance and propose STAformer++, a redesign of the

original STAformer architecture. Specifically, we substitute the Fast-RCNN STA head

by a prediction head based on DETR. We also replace the DINOv2 [16] image features

by Swin-T [140], a multi-scale image transformer. We subsequently compute per-scale

the frame-guided temporal pooling to pool more robust temporal features to the object

size. The TimeSformer [6] video feature extraction is substituted by EgoVideo [7],

the state-of-the-art in multiple Ego4D challenges. Our STAformer++ pipeline is the

following, as Figure 6.3 shows.

I. Feature extraction. We process the high resolution image IT with Swin-T [140]

to extract hierarchical multi-scale feature maps P2D(IT ). Swin-T alternates win-

dow multi-head self-attention with shifted window partitioning attention, which
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introduces cross-window connections. Since its computational cost grows linearly,

it is a great candidate for dense vision tasks with high input image resolution.

We use EgoVideo [7] for extracting the video tokens Φ3D(VT−t:T ) and the video

class token CV from the low-resolution video VT−t:T .

II. Per-Scale Frame-guided Temporal Pooling Attention and Feature Fu-

sion (Figure 6.3(a-b)). The per-scale frame-guided temporal pooling atten-

tion maps video tokens to the spatial reference system of the last video frame by

implicitly considering the scale of the feature map. Specifically, we repeat the

frame-guided temporal pooling attention for each scale of the image features. As

detailed in Section 3.2, we adopt a residual cross-attention mechanism between

the video tokens of the last frame Φ3D(VT ) and the full stack of 3D video features

Φ3D(VT−t:T ). The pooled video tokens are followed by a bilinear interpolation

and a 2D Convolution to obtain the video feature pyramid P3D(VT−t:T ). Then,

we sum the two multi-scale feature maps to obtains the fused feature pyramid

PT .

III. Detection Transformer (Figure 6.3(c-d)). We flatten the fused feature map

PT to obtain a sequence of tokens which are then forwarded to the DETR En-

coder. We sum a fixed positional encoding to incorporate the spatial relationships

of the patches. The DETR Encoder consists of standard multi-head self-attention

layers followed by feed-forward networks. The self-attention mechanism of the

encoder aggregates context from the entire image.

Then, the DETR Decoder processes the object queries ρ. We follow the mixed

query selection strategy proposed by Liu et al. [294] to dynamically initialize

the positional part of the object queries, while its content part remains static to

accelerate the convergence. Specifically, the positional part are 4D anchor boxes

composed by the reference query points (x, y) and anchor sizes (w, h), obtained

after a query selection of the top-K encoder features. We apply the deformable

attention [293] to layer-by-layer integrate the comprehensive context from the

image-video into the object queries. We further accelerate the convergence by

feeding noise-altered ground-truth labels and boxes into the DETR Decoder [294],

which trains the model for accurate ground-truth reconstruction. Moreover, as

proposed by Zhang et al. [296], we adopt the Contrastive DeNoising (CDN) to

discard irrelevant anchors and the “look forward twice” for more efficient training.

IV. DETR based STA prediction head (Figure 6.3(e)). From the processed

object queries ρ′, we obtain the final predictions (b̂i, n̂i, v̂i, δ̂i, ŝi). Bounding-box
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coordinates are computed with a 3-layer Multi-Layer Perceptron (MLP), predict-

ing the normalized center, height, and width relative to the input image. The

noun p(n)i and verb probabilities p(v)i are predicted with two independent 3-

layer MLP followed by a Sigmoid function, and considering an additional special

class label ∅, which indicates that no object is detected. The score si of the joined

prediction is the multiplication of the respective noun and verb probabilities. Fi-

nally, we concatenate the class token of the video model CV with the decoded

object queries ρ′ for explicitly incorporating the action dynamics. We regress the

time-to-contact ttci with a final 3-layer MLP.

6.5 Environment affordances for human behavior

grounding

While end-to-end STA architectures predict the next interaction directly from input

video, in this section we show that it is beneficial to ground the predictions on past ob-

served human behavior. Environment affordances [39] refer to all potential interactions

that can be performed in a given physical zone. By learning a map of the environment

affordances, using egocentric videos of human activities, we are able to guide the next

interaction prediction using the similarities and correlations among human activities

and scenarios. We describe how to build an affordance semantic map (Figure 6.4-a))

by grouping and connecting similar training videos. Then, we present two methods for

grounding predictions on environment affordances. Our first solution (Figure 6.4-b))

pre-computes a fixed affordance distribution of the current scene based on the affor-

dance distributions of similar scenes or videos, where we use the cosine similarity. This

affordance distribution is used during inference to refine noun and verb probabilities.

Our second proposed strategy (Figure 6.4-c)) learns the affordance distribution during

training using a flexible attention mechanism.

6.5.1 Building a persistent memory of affordances

We start extracting activity-centric zones from the training set following [39] in or-

der to build an affordance map as Figure 6.4 a) shows. Each affordance zone is a

group of image-video pairs with high visual similarity in a certain environment. We

create positive and negative frame pairs labels by counting homography estimation in-

liers, evaluating temporal coherence, and computing visual similarity. We consider two

frames similar if they are less than 15 frames apart or if they share 10 inlier homogra-

phy key-points. We extract SuperPoint keypoint descriptors [297] and use RANSAC
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Figure 6.4: Environment affordances in forecasting. a) We build an affordance
database by linking training videos according to their visual similarity, obtaining
activity-centric zones with affordances values V AFF

i and respective video ZV
i , text ZT

i

descriptors. b) Our first approach matches the input encoded video ΦV(V ′) to the af-
fordance database by selecting the K nearest neighbors in terms of the cosine similarity
with the visual ZV and text ZT zone descriptors. The affordance probability pAFF is
obtained by weighting the counts of nouns present in the top-2K nearest zones (⋆)
according to the respective similarity S. This will be late-fused with the predictions
made by the end-to-end model. Example for K=2. c) In our second methodology, an
attention mechanism (QAFF , KAFF ) learns to associate a novel video V ′ with all the
potential zone candidates Zi in the affordance database. This dynamically obtains the
noun NAFF and verb AAFF affordance distributions, which are summed to the DETR
predicted nouns ni and verb vi logits during model training. The final binary class
probabilities p(n)i, p(v)i are obtained after a Sigmoid layer.

for the homography estimation. We measure the visual similarity from pre-trained

ResNet-152 features [11] to select dissimilar frames. Based on the positive and nega-

tive pairs, we train a Siamese network L, composed by a Resnet-18 [11] followed by a 5

layer multi-layer perceptron (MLP), on these pairs and used to predict the probability

L(I, I ′) that two frames I and I ′ belong to the same zone. We then process all frames

in a video sequence with L to group video frames according to their visual similarity

in different zones.

Each zone Z represents an activity-centric region composed of the group of visually

similar images IZi , their corresponding videos VZ
i , the associated narrations T Z

i , sets

of nouns N Z
i and action verbs AZ

i appearing at least once in the STA annotations of

all images IZi . We define the affordance distribution in each zone as a unnormalized

distribution V NAFF

i = 1n∈Zi
, V AAFF

i = 1a∈Zi
that considers if the noun N , verb A

appears in the zone i. Since each zone captures the different interactions that the user
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performed in that specific environment, this database represents a sort of persistent

memory on how humans behave in each space. We obtain a visual descriptor ZV and

a text descriptor ZT for each zone Z using video language pre-trained models [6, 7] to

extract the zone video ΨV(VZ
i ) and text ΨT (T Z

i ) descriptors as follows:

ZV =

|Z|
∑

i=1

ΨV(VZ
i )/|Z|, ZT =

|Z|
∑

i=1

ΨT (T Z
i )/|Z|. (6.3)

6.5.2 Fixed pre-inferred environment affordances

At inference time, we predict the nouns and verbs affordance distribution by matching

a novel video V ′ to zones related to functionally similar environments in the affordance

database. Since we can only extract a visual descriptor from the novel video, ΨV(V ′),

we compute the visual cosine similarity SV(ΨV(V ′), ZV) and the video-text cross cosine

similarity ST (ΨV(V ′), ZT ) between the clip and each zone Z in the database. Beyond

retrieving visually similar zones, the video-text cross cosine similarity relates different

locations with similar functionality that affords the same interaction (i.e, painting a

wall in India or painting a canvas with watercolor in Spain both afford to dip the

brush in the paint). As illustrated in Figure 6.4 a), we employ the K-Nearest Neighbor

algorithm to identify the most similar zones to the given input V ′. We define the top-K

visual zones KV , where SV
k is a shorthand notation for SV

k (Ψ(V ′), ZV
k ), and the top-K

narrative zones KT , defined as:

KV = {(ZV
1 , S

V
1 ), ..., (ZV

K , S
V
K)}, KT = {(ZT

1 , S
T
1 ), ..., (ZT

K , S
T
K)}. (6.4)

Combining both sets, K = KV ∪ KT = {(Zi, Si)}2Ki=1 yields a total of 2K zones and

their respective similarity scores, which we assume to share affordances with V ′. We

then define the probability of each noun paff (n|V ′) as an exponential distribution by

weighting the noun and verb appearance in each neighboring zone according to the

respective similarity Si:

paff (n|V ′) ∝ exp(
∑

(Zi,Si)∈K

Si · V NAFF

i ), (6.5)

paff (v|V ′) ∝ exp(
∑

(Zi,Si)∈K

Si · V AAFF

i ). (6.6)

Based on the environment affordances, we can predict probability distributions

over possible nouns paff (n|V) or verbs paff (v|V ′) given past interactions in functionally

similar zones. Differently, the STA model will predict probability distributions of given
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nouns and verbs being the next interactions psta (n|V ′, I ′) and psta (v|V ′, I ′) directly from

the input image-video pair, without explicitly considering the set of possible actions.

We assume independence between the two predictions1 and perform data fusion by

computing the unnormalized joint likelihoods:

pfus(n|I ′,V ′) ∝ paff (n|V ′) · psta (n|V ′, I ′) ,

pfus(v|I ′,V ′) ∝ paff (v|V ′) · psta (v|V ′, I ′) .
(6.7)

6.5.3 Learning of environment affordances

The approach described in Section 6.5.2 uses affordances to refine predictions at in-

ference time. To further improve the exploitation of affordances, here we propose an

alternative approach that learns the affordances directly during the training of the

end-to-end STA prediction model. Specifically, we adopt an attention mechanism be-

tween the input video descriptor Φ(V ′) and the descriptors Φ(ZV
i ) of the affordances

zones. We interpret the attention mechanism [14] as a learnable way of querying the

most similar situations from the agent’s past memory. In order to obtain the af-

fordance keys KAFF , we project with a linear layer WK the zone video embeddings

ZV =
∑|Z|

i=1 ΨV(VZ
i )/|Z|, which represent descriptors of that environment in the mem-

ory. In this case, the per-zone video embedding ΨV(VZ
i ) is the mean EgoVideo [7] class

token CV of the videos inside each affordance zone Z. We represent the affordance

query QAFF by processing the EgoVideo class token of the novel video CV ′ with a

learnable linear layer WQ, while keys are computed from the affordance database with

a linear layer WK . The WK ,WQ layers learn to compute the similarity of a novel

video with respect to all the past environment observations. In contrast with a rigid

similarity, here we learn how to best associate the input video to the learned affordance

zones as:

QAFF = CV ′ ·WQ, KAFF = ZV
i ·WK . (6.8)

As values, we use V NAFF and V AAFF , the non-normalized affordance distributions

within the zone Zi, defined as 1 if the noun N or action verb A is present, or zero

otherwise

V NAFF = 1n∈NZi , V AAFF = 1v∈AZi . (6.9)

Then, we obtain the affordances distribution from the attention scores and the un-

normalized values. Rather than taking the Softmax and compute the weighted sum

1In practice, we build the two models with different architectures and training objectives to make
the dependence weak.
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Interaction
hotspots
model

Input: Frames & hands-objects detections Interaction Hotspot Re-weighting of STA predictions

predicted hand trajectories

Figure 6.5: Refinement of confidence scores based on the interaction hotspots.
The interaction hotspot model observes frames, hands, and objects and forecasts a map
encoding the probability of the interaction in each pixel. STA confidence scores are
re-weighted based on the probability values at the bounding box coordinate centers,
reducing confidence in false positive predictions falling far from the interaction hotspot.

across all the different environment zones, we apply a Sigmoid on the attention score

to obtain binary probabilities indicating whether a given environment is relevant to

our query video. We hence compute the maximum probability value for each verb

and noun across all zones. The choice of binary probabilities is due to the fact that

DETR models predict a binary probability for each class. The max operation makes

the distribution less sensitive to the long-tail distribution of verbs and nouns. We show

this computation in the following formula:

paff(n|V ′) = max[Sigmoid(QAFF · (KAFF )T )] · V AFF
N ,

paff(v|V ′) = max[Sigmoid(QAFF · (KAFF )T )] · V AFF
A .

(6.10)

Our base DETR [296] prediction head uses the Binary Cross Entropy loss for predicting

the object class. Therefore, we transform the nouns/verbs affordance probability to

the logits space following log(pAFF + ϵ)− log(1− pAFF + ϵ) and fuse there to use the

numerically stable loss function requiring logits. In this way, we ground the learning of

the model on the past human behavior, contributing to the full model training. In this

more flexible approach, the model adapts dynamically to each novel video V ′, as we

do not rely on a fixed distance or number of zones and learns to attend to a memory

available at test time.

6.6 Leveraging interaction hotspots

While our affordance database gives us information on which objects (nouns) and in-

teraction modes (verbs) are likely to appear in the current scene, it does not give us

any information on where the interaction will take place in the observed images. As

noted in previous works [67, 68], observing how hands move in egocentric videos can

allow us to predict the interaction hotspot [39, 67], a distribution over image regions
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indicating possible future interactions locations. We exploit this concept and include

a module to predict an interaction hotspot by observing frames, hands, and objects.

As Figure 6.5 illustrates, we hence re-weigh the confidence scores si of STA predictions

according to the location of the respective bounding box centers in the predicted in-

teraction hotspot, to reduce the influence of false positive detections falling in areas of

unlikely interaction.

6.6.1 Inferring interaction hotspots

We base our interaction hotspot module on the work presented in [67] with some

improvements. First, we fine-tune the hand object detector presented in [36] on

EGO4D-SCOD [26] annotations, rather than using it out-of-the-box. Second, we ex-

tract stronger egocentric-aware frame features with the video part of the dual-encoder

version of EgoVLP [6] pre-trained on Ego4D [6], instead of using a ConvNet as in [67].2

The model takes as inputs the features of the observed frames, besides the coordinates

and features of both hands and pre-detected objects, and is trained to forecast the

hand trajectory, from which it predicts a distribution over plausible future contact

points. Given the observed image-video pair (IT ,VT−t:T ), the output of the model is

a probability distribution over the spatial locations of IT indicating the probability of

interaction of each pixel denoted as pih(x, y|IT ,VT−t:T ).

6.6.2 Fusing STA predictions with interaction hotspots:

We exploit the interaction hotspots to refine the predictions of the STA model, assum-

ing that regions close to the predicted interaction hotspots are more likely to contain

the next active objects. Given a predicted box b̂i, we re-weigh its related confidence

score ŝi according to the location of the bounding box center (ĉxi , ĉ
y
i ) in the interaction

hotspot as following: ŝi · pih(ĉxi , ĉ
y
i |IT ,VT−t:T ).

6.7 Experimental setup

Following the official benchmark [26], we adopt standard Noun (N), Noun+Verb (N+V),

Noun+time-to-contact (N+δ) and Noun+Verb+time-to-contact (All) Top-5 mean Av-

erage Precision (mAP). We also provide detailed comparative on the Top-5 Average

Precision metric (AP) as defined in [284].

2See supp. for more information on the interaction hotspot prediction module.
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6.7.1 Datasets

We validate our method on Ego4D [26] and EPIC-Kitchens [25], two large-scale datasets

of egocentric videos with high diversity and long-tail distributions classes.

Ego4D. We consider both the first and second versions of Ego4D STA annotations.

Version 1 (v1) of the Ego4D STA split is composed of 27,801 training 17,217 validation

and 19,870 test instances with 87 noun and 74 verb categories. Version 2 (v2) extends v1

with additional videos and annotations, for a total of 98,276 training, 47,385 validation

and 19,870 test videos, with a taxonomy of 128 nouns and 81 verb classes. Ego4D STA

contains a single test split which is compatible with v1 and v2, hence models trained

on either versions can be compared on the same test split.

EPIC-Kitchens. Since Ego4D is the only dataset containing STA annotations to

date, we extend EPIC-Kitchens dataset [25] by post-processing its active object and

action segment annotations. We first merge active object bounding boxes into tracks

by grouping neighboring annotations of the same object class and removing tracks

with multiple bounding boxes for the same class. Then, we match each object track to

one of the annotated action segments. Specifically, if an action segment including the

same noun as the object track is found, this is matched to the object track. Next, we

truncate object tracks to exclude frames depicting the action, enabling anticipation of

future actions. Finally, we attach the following data to a given bounding box: the noun

associated to the track as the object category, the associated action segment as the

interaction verb, the distance from the time-step of the current frame to the beginning

of the associated action segment as the time to contact. The final set of annotations

contains 33,804 training and 7,055 validation instances with 104 noun and 51 verb

categories, which we release to the community.

6.7.2 Implementation details

We train STAformer with Adam as an optimizer, an initial learning rate of 10−4 with

linear warm-up, and a weight decay of 10−6, on 4 Tesla V100 GPUs. Similarly, we train

STAformer++ following the official procedure of DINO-DETR [296] with AdamW as

optimizer and an initial learning rate of 2 · 10−5. For the image encoders, we first

adopt the DINOv2-B [16] visual transformer, composed by 12 blocks. Alternatively,

we extract multi-scale image features with the Swin-T [140] Large version pre-trained

on COCO dataset formed by 24 blocks grouped in hierarchical depths. We fine-tune the

last 3 blocks in both cases. We utilize the video encoder of EgoVIDEO [7] composed

of 38 blocks. For TimeSformer, we sample 16 frames at 30 FPS, while the available

version of EgoVideo only allows processing 4 frames, which we sample at 7.5 FPS to
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Model N N + V N + δ All
FRCNN+SF [26] 17.55 5.19 5.37 2.07
FRCNN+Feat. [298] 22.01 5.52 5.54 1.78
StillFast [282] 16.21 7.47 4.94 2.48
Transfusion [281] 20.19 7.55 6.17 2.60
STAformer 21.71 10.75 7.24 3.53
STAformer & AFF (fixed) 24.36 12.00 7.66 3.77
STAformer++ 32.07 15.00 8.53 4.31
STAformer++ & AFF (learned) 33.21 15.94 8.98 4.66
Gain (rel %) +36.3 +24.5 +17.2 +23.6

Table 6.1: Results in mAP on the validation split of Ego4D-STA v1.

B B+N B+V B+δ B+N+V B+N+δ B+V+δ All
Slowfast 40.50 24.50 0.34 8.16 0.34 5.00 0.06 0.06
Slowfast
(w/Transformer)

40.50 24.50 8.20 7.50 8.20 4.50 1.30 0.73

AVT 40.50 24.50 8.45 7.12 8.45 4.39 1.15 0.71
ANACTO 40.50 24.50 8.90 7.47 8.90 4.55 1.54 0.91
MeMVIT 40.50 24.50 10.05 9.27 10.04 4.95 2.11 1.34
GANO
(w/o guided attn.)

40.50 24.50 7.10 9.01 7.10 4.20 1.22 0.75

GANO
(w/ guided attn.)

45.30 25.80 10.56 10.1 10.56 5.90 2.77 1.70

StillFast 27.78 17.75 10.21 7.33 7.01 4.61 2.68 1.77
STAformer 38.38 28.36 16.66 12.27 12.66 8.89 5.47 4.06
STAformer++ 49.68 38.83 18.02 12.92 14.00 10.58 5.75 4.63
STAformer++
& AFF(learned)

48.60 39.12 19.45 12.29 15.77 10.28 5.71 4.77

Gain +9.7 +37.9 +16.7 +5.3 +24.5 +15.6 +4.4 +17.5

Table 6.2: Results in AP on the validation split of Ego4D-STA v1.

cover the same video segment. In both cases, we fine-tune the last 4 blocks of the video

model. The DETR model weights are initialized using the 12-epoch version of [296].

6.8 Results

We compare our model against several STA baselines which either provide open source

implementations [26, 282] or report results in their papers [26, 279, 281, 282, 284, 298].

We also report multiple ablation studies showing the contribution of each individual

component of our approach.

6.8.1 Comparison with the state-of-the-art

Ego4D v1 validation split (Tables 6.1-6.2). Our initial version of STAformer

achieves 21.71 N, 10.75 N+V, 7,24 N+δ and 3.53 All mAP, while our the most advanced

version of STAformer plus the incorporation of learned affordances, scores a 33.21 N,

15.94 N+V, 8.89 N+δ and 4.88 All mAP in the v1 split, as Table 6.1 shows. We

119



Model N N + V N +δ All
FRCNN+SF [26] 21.00 7.45 7.07 2.98
InternVideo [279] 19.45 8.00 6.97 3.25
StillFast [282] 20.26 10.37 7.26 3.96
GANO v2 [284] 20.52 10.42 7.28 3.99
STAformer 27.51 14.68 9.63 5.50
STAformer & AFF (fixed) 29.39 15.38 9.94 5.67
STAformer++ 36.78 17.26 11.03 5.87
STAformer++ & AFF (learned) 37.41 18.51 11.14 6.26
Gain (rel %) +27.8 +20.3 +12.7 +10.4

Table 6.3: Results in mAP on the validation split of Ego4D-STA v2.

B B+N B+V B+δ B+N+V B+N+δ B+V+δ All
STAformer 43.24 33.53 20.88 14.84 16.52 11.23 7.70 5.89
STAformer++ 55.95 47.02 24.40 16.91 20.24 14.14 8.40 6.85

STAformer++
& AFF(learned)

55.98 47.63 24.82 16.40 20.77 13.86 8.42 6.77

Gain +29.3 +42.2 +18.9 +13.9 +25.7 +25.9 +9.3 +14.9

Table 6.4: Results in AP on the validation split of Ego4D-STA v2.

obtain a relative gain3 up to +23.6 % in the mAP All metric compared with our

previous conference version [299]. Tables 6.2 and 6.4 compare our method with previous

approaches reporting results using the AP metric. In this case, the initial version of

STAformer, based on a Faster-RCNN architecture, shows a lower detection performance

(38.38 B AP) compared with the most advanced version of GANO [285] (45.30 Box

AP). However, the novel DETR-based architecture of STAformer++ notably improves

the quality of the predicted bounding boxes up to 49.68 B AP (+9.7 % relative gain),

which is reflected in the overall metric where it achieves a 4.77 (+ 17.5 % relative

gain). The results also show the benefits of leveraging affordances in the short-term

anticipation task, which are specially relevant in the semantic metrics (+ 37.9 % B+N

AP, +16.7 % B+V AP, +24.5 % B+N+V AP, + 36.3 % N mAP, + 24.5 % N+V mAP),

since this prior just refines the noun and verb probabilities.

Ego4D v2 validation split (Tables 6.3-6.4). The overall improvement is also

significant in the v2 split, a larger version of Ego4D containing also v1 annotations.

Our most advanced version, STAformer++ with learned affordances, scores 37.41 N

mAP, 18.51 N+V mAP, 11.14 N+δ and 6.26 All mAP, showing a relative gain of +10.4

% in the overall metric and demonstrating significant improvements both in semantic,

detection, and temporal performance.

Ego4D test split (Tables 6.5-6.6). Since the test set of Ego4D is private, we

are only able to compare approaches showing test results in their papers. For fair

3We compute the relative gain% of x relative to y as 100 · (x−y

y
).

120



Model N N + V N + δ All
FRCNN+SF. [26] 20.45 6.78 6.17 2.45
FRCNN+Feat. [298] 20.45 4.81 4.40 1.31
InternVideo [279] 24.60 9.18 7.64 3.40
Transfusion [281] 24.69 9.97 7.33 3.44
StillFast [282] 19.51 9.95 6.45 3.49
STAformer 24.39 12.49 7.54 4.03
STAformer & AFF (fixed) 26.52 13.15 7.78 4.06
STAformer++ 33.78 14.28 10.14 4.97
STAformer++&AFF(learned) 34.06 15.94 10.10 5.24
Gain (rel %) +28.4 +21.2 +29.8 +29.1

Table 6.5: Results in mAP on the test split of Ego4D-STA of models trained
on the v1 training split.

Model N N + V N + δ All
StillFast [282] 25.06 13.29 9.14 5.12
GANO v2 [284] 25.67 13.60 9.02 5.16
Language NAO 30.43 13.45 10.38 5.18
EgoVideo 31.08 16.18 12.41 7.21
STAformer 30.61 16.67 10.06 5.62
STAformer & AFF (fixed) 32.39 17.38 10.26 5.70
STAformer++ 41.96 19.16 13.05 6.92
STAformer++&AFF(learned) 42.07 19.51 12.73 6.26
Gain (rel %) +29.9 +12.3 +5.2 -4.1

Table 6.6: Results in mAP on the test split of Ego4D-STA of models trained
on the v2 training split.

comparisons, we report two settings with methods trained on v1 or v2. Our method

achieves significant gains with respect to trained methods on v1, for instance, obtaining

a +28.4% N mAP, +21.2% N+V mAP, + 29.8% N+δ mAP and +29.1% in mAP All.

We observe similar improvements when training on v2, with +29.9% N mAP, +12.3%

N+V mAP and +5.2% N+δ mAP. However, our model does not outperform EgoVideo

in the overall metric, scoring 6.92 vs. 7.21 All mAP. Note that the participating version

of EgoVideo is fully fine-tuned to the STA task on Ego4D and covers 16 frames, while,

for computational constraints, our STAformer++ model just trains the last 4 blocks

of a simpler general model which only processes 4 frames. It is worth noting that our

approach also benefits from training on larger datasets, improving from 5.24 mAP All

when it is trained on v1 (Table 6.5) to 6.92 mAP All when training on v2 Table 6.6.

EPIC-Kitchens STA (Table 6.7). Since this benchmark is new, we train the official

implementation of StillFast [282] on EPIC-Kitchens as a baseline, obtaining 21.24 N

mAP, 12.41 N+V mAP, 6.22 N + δ mAP and 3.28 All mAP. The introduction of more

powerful backbones (DINO and TimeSformer) and the dual cross-attention mechanism
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Model N N + V N + δ All
StillFast [282] 21.24 12.41 6.22 3.28
STAformer 25.25 17.17 9.10 6.13
STAformer & AFF (fixed) 28.37 18.95 9.29 6.60
STAformer++ 44.96 24.67 14.01 7.87
STAformer++&AFF(learned) 45.34 25.82 14.06 8.67
Gain (rel %) +59.5 +36.20 +51.6 +31.5

Table 6.7: Results in mAP on the validation split of EPIC-Kitchens.

in STAformer achieve a 28.37 N mAP, 18.95 N+V mAP, 9.29 N + δ mAP and 6.60 All

mAP. The performance gains are particularly notable with STAformer++, achieving

45.34 N mAP, 25.82 N+V mAP, 14.06 N+δ mAP and 8.67 All mAP, representing

a +31.5 % increase in All mAP. This highlights the generality of our framework in

different training regimes and datasets.

6.8.2 Ablation Study on STAformer and STAformer++ com-
ponents

Table 6.8 ablates the performance effect of the proposed components of the STA models:

the image encoder, the video encoder, the temporal pooling, the 2D-3D fusion module

and the prediction head (Faster-RCNN or DETR based).

Image encoder and STA head (Table 6.8, Exp A). We first encode the image

with DINOv2 (Exp A.1) and discard the video, obtaining small gains with respect

to the baseline [282]. While [282] fully trains both image-video encoders, the A1

version trains solely the Faster-RCNN STA prediction head and reflects the modeling

capacity of DINOv2. Then, we replace the Faster-RCNN head by the DETR [296]

in Experiments A2-A4. When the entire Swin-T is frozen and uses existing weights

pre-trained on COCO(Exp. A2), it losses the generalization capabilities of DINOv2

features, obtaining a drop to 1.91 mAP in the All metric. Then, when we refine the last

blocks of both image encoders the performance increases, achieving a 2.55 mAP All

for the Swin-T version and a 2.88 mAP All for the DINOv2 model. The main benefit

of using a DETR-based model is its superior detection capabilities, as the Noun mAP

shows an improvement from 17.48 (DINOv2 with Faster-RCNN) to 29.33 (DINOv2

with DETR).

Video encoder (Table 6.8, Exp B). Using per-frame DINOv2 features with mean

temporal pooling (Exp. B1 vs. A1) reduces performance, highlighting DINOv2’s limi-

tations in capturing video dynamics. However, incorporating an specific video encoder

like the X3D 3D CNN [288] (Exp. B2 vs. A1) achieves better results, indicating the ad-

vantage of appropriately encoding video dynamics. Experiments B3, B4 and B5 show
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Exp.
Image

Encoder
Video

Encoder
Temporal
Pooling

2D-3D
Fusion

Detection
Head

N N + V N + δ All

[282] R50 X3D Mean Sum Fast-RCNN 16.21 7.52 4.94 2.48
A1 DINOv2 - - - Fast-RCNN 17.48 8.64 5.20 2.52
A2 Swin-T - - - DETR 27.69 9.57 5.43 2.71
A3 Swin-T - - - DETR 28.77 11.04 6.12 2.85
A4 DINOv2 - - - DETR 29.33 11.65 6.46 2.98
B1 DINOv2 DINOv2 Mean Sum Fast-RCNN 15.82 7.65 4.11 2.19
B2 DINOv2 X3D Mean Sum Fast-RCNN 18.84 8.84 5.56 2.57
B3 DINOv2 TimeSformer Mean Sum Fast-RCNN 16.67 8.38 5.16 2.63
B4 DINOv2 TimeSformer Mean Sum DETR 26.11 10.65 6.90 3.02
B5 Swin-T TimeSformer Mean Sum DETR 24.55 9.49 6.01 2.89
B5 Swin-T EgoVideo Mean Sum DETR 31.82 13.15 6.81 3.24
B6 Swin-T EgoVideo Mean Sum DETR 32.50 14.72 7.73 3.65
C1 DINOv2 TimeSformer Conv Sum Fast-RCNN 17.36 8.75 6.05 2.94
C2 DINOv2 TimeSformer SH.Attn Sum Fast-RCNN 19.78 10.04 6.35 3.39
C3 Swin-T EgoVideo MH.Attn Sum DETR 31.31 14.22 8.05 4.07

C4 Swin-T EgoVideo
per-Scale
MH.Attb

Sum DETR 32.57 15.10 8.53 4.31

C5 DINOv2 EgoVideo MH.Attn Sum DETR 31.15 13.72 7.71 3.84

C6 DINOv2 EgoVideo
per-Scale
MH.Attb

Sum DETR 31.73 14.10 8.21 4.26

D1 DINOv2 TimeSformer SH.Attn
Dual

I ↔ V Attn
Fast-RCNN 20.08 10.21 6.51 3.47

D2 DINOv2 TimeSformer SH.Attn
Dual

I ↔ V Attn
Fast-RCNN 21.71 10.75 7.24 3.53

D3 DINOv2 TimeSformer SH.Attn
Single

I −→ V Attn
Fast-RCNN 20.01 10.04 5.80 3.01

D4 DINOv2 TimeSformer SH.Attn
Single

V −→ I Attn
Fast-RCNN 20.12 10.31 6.30 3.35

D5 DINOv2 TimeSformer MH.Attn
MH.Dual

I ↔ V Attn
Fast-RCNN 23.02 11.57 7.86 3.85

D6 Swin-T EgoVideo
per-Scale
MH.Attb

MH.Dual
I ↔ V Attn

DETR 31.80 15.06 7.95 4.54

D7 DINOv2 EgoVideo
per-Scale
MH.Attb

MH.Dual
I ↔ V Attn

DETR 31.82 13.92 7.98 4.21

Table 6.8: Ablation study of the architectural components of STA-former on
the validation split of Ego4D-v1. Encoder frozen Encoder fine-tuned. For fair
comparison, we fine-tune 3 blocks in the image encoders and 4 blocks in the video
encoders and the video comprises 0.5 sec. We refer to STAformer when the detection
head is based in Faster-RCNN, while STAformer++ makes reference to DETR-based
models.

that adopting TimeSformer as video model only leads to marginal improvements with

respect to A4, B2 and A3, respectively. Incorporating EgoVideo improves the semantic

and temporal reasoning. Indeed, finetunning the last blocks of EgoVideo (Exp. B6)

achieves a 7.73 N+δ mAP, due to the direct connection of the EgoVideo class token

CV with the temporal MLP.

Temporal Pooling (Table 6.8, Exp C). We start showing the effects of temporal

pooling in Experiments B3 (mean temporal pooling), C1 (temporal convolution) and

C2 (frame-guided temporal pooling). The temporal convolution helps capturing the

video dynamics and obtaining more accurate time to contact estimates, improving N+δ

mAP up to 6.05. However, our frame-guided attention mechanism (Exp C2) enhances

spatio-temporal understanding of the video, achieving significant improvements from

8.75 to 10.04 N+V mAP and from 2.94 to 3.39 All mAP. Unlike convolutional pooling,
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Figure 6.6: Performance evolution according to the amount of video seen.
We report the mAP N, mAP N+V, mAP N+δ, mAP Overall on the validation split of
Ego4D-STA v1.

which focuses solely on temporal dynamics, our attention mechanism joins a spatio-

temporal understanding of the video by mapping to the 2D reference space of the last

observed frame the pooled video features. This advantage extends to DETR head

versions, with significant improvements on the time to contact score up to 8.53 N +

δ mAP in Exp C4 (multi-head attention). Finally, performing the temporal pooling

per-scale further enhances performance, achieving up to 32.58 N mAP, 15.00 N+V

mAP, 8.53 N+δ mAP, and 4.71 All mAP, demonstrating more robust spatio-temporal

feature learning adaptable to object sizes.

Feature Fusion (Table 6.8, Exp D). Experiments D1-D7 of Table 6.8 compare the

contribution of the proposed Dual Image-Video Attention module for 2D-3D feature

fusion. Comparing experiments D1 vs. C2 shows small but consistent gains when dual

image-video attention is used for fusion in STAformer, as compared to simple sum

fusion (20.08 vs. 19.78 N, 10.21 vs. 10.04 N + V, 6.51 vs. 6.35 N + δ and 3.47 vs. 3.39

All mAP). However, using cross-attention only with image tokens (I → V-Exp.D3)

or video tokens (V → I -Exp.D4) as queries, performs worse than the proposed dual
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Figure 6.7: Fixed affordances distribution extracted for refining predictions
only at inference. We visualize the closest environments in terms of the visual KV

and narrative KT cosine similarity. We show in orange the STA ground-truth label.

image-video attention (Exp. D2), suggesting the need to incorporate the refinement

of both modalities. Incorporating multi-head attention on the temporal pooling and

on the 2D-3D fusion (Exp.D5) produces a consistent improvement in all the metrics

due to its ability to capture diverse patterns simultaneously. However, we do not

see any systematic improvement when we apply the MH.Dual Cross Attention on the

STAformer++ model. Since we are operating at multi-scale levels, this introduces a

long sequence of tokens that makes this mechanism very computational consuming,

leading a trade-off between the number of fine-tuned video blocks and the dual cross

attention.

Dependence on video length (Figure 6.6). We analyze the performance with

different time windows for the video model, as Figure 6.6 shows. We compare a

temporal pooling with two versions of our frame-guided temporal pooling: the Conv.

Temp.Pooling uses convolutional weights on the QTP , KTP , VTP projection layers, while

the Linear Temp.Pooling adopts linear layers plus a positional encoding. Averaging

features of longer videos reduces the spatial alignment due to the camera movement.

However, computing our frame-guided temporal attention pooling projects the video

features into the last frame via the attention mechanism, capturing better aligned

spatio-temporal features. This effect is visualized in the N + δ and Overall mAP plots:

while a larger time-window degrades the performance when computing the temporal

mean, it benefits the temporal reasoning of the model, obtaining better results when

the video covers 1.5 secs rather than 0.5 sec.

6.8.3 Ablation Study on Affordances

Tables 6.9, 6.10, 6.11 detail the influence of Environment Affordances (E.AFF) and

Interaction Hotspots (I.H), when integrated, separately and jointly, showing in all

cases consistent improvements.
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Figure 6.8: Dual image-video attention maps, qualitative results. Top to bot-
tom: final predictions, attention map of pooled video tokens (queries) on image to-
kens (keys and values) and attention of image tokens (queries) on pooled video to-
kens (keys and values). Video tokens attend fine-grained object information from the
high-resolution image; image features focus on objects which are important for future
interactions.
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Figure 6.9: Ego4D Qualitative results Left to right: ground truth, STAformer
predictions and STAformer++ predictions in Ego4D v2 validation split. We visualize
the top-5 detections by the model. It is appreciated how the STAformer++ detections
capture better the contour of the object, and that the whole model achieves a better
understanding of the potential interactions in the video.
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N N+V N + TTC All
Base model 16.20 7.47 4.94 2.48

Env.
Aff.

Count-based priors 16.44 7.84 4.50 2.39
Ego-Topo [39] 14.92 6.45 4.01 2.14
Fixed Weighted (Ours) 18.44 8.46 5.47 2.85

Int.
Hot.

Center Prior 14.44 6.86 3.90 2.05
Hands Proximity 13.86 6.15 3.71 1.86
Ours 17.82 7.62 5.05 2.53

Both (Ours) 19.34 8.58 5.55 2.95
Gain +19.3 +14.9 +12.4 +18.9

Table 6.9: Comparative of the affordances priors effect on Stillfast. Results in
mAP on the validation split of Ego4D v1.

N N+V N + TTC All
Base model 21.71 10.75 7.24 3.53

Env.
Aff.

Count-based Prior 21.96 10.98 6.80 3.56
Ego-Topo [39] 17.21 8.45 5.32 2.64
Fixed Weighted (Ours) 23.55 11.75 7.55 3.74

Int.
Hot.

Center Prior 17.70 8.82 5.22 2.62
Hands Proximity 16.35 7.91 4.49 2.30
Ours 23.63 11.38 7.51 3.66

Both (Ours) 24.36 12.00 7.66 3.77
Gain +12.2 +11.6 +5.8 +6.8

Table 6.10: Comparative of the affordances priors effect on STAformer. Re-
sults in mAP on the validation split of Ego4D v1.

Environment Affordances on Stillfast (Table 6.9) and STAformer (Table

6.10). We first evaluate a naive Count-based Prior, re-weighting nouns and verbs

probabilities by their frequency in the training dataset. While it slightly improves

some metrics, it highlights the need to relate test samples to the specific scene’s affor-

dances. Training a NN classifier as in [39] does not produce a useful distribution of the

affordances for fusion with STA probabilities. Our intuition is that the NN overfits to

the interactions in the scene which are more obvious, losing the generalist quality of

our predictions across environments. Our Fixed Env.Aff approach significantly refines

nouns and verbs probabilities, obtaining consistent gains in N + V Top-5 mAP (8.45

vs. 7.47 in Stillfast and 11.75 vs. 10.75 in STAformer). Figure 6.7 visualizes the fixed

noun and verb affordance distribution for two query videos, showing the closest zones

in appearance and narration. Although the ground truth STA class is not top-ranked,

it appears in both predicted verb and noun affordances, supporting the observation

that similar scenes afford similar interactions.

Interaction Hotspots on Stillfast (Table 6.9) and STAformer (Table 6.10).
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Env.Aff N N+V N+ttc All
Base model 32.07 15.00 8.53 4.31
Fixed Uniform 29.95 14.15 8.56 3.70
Fixed Weighted 31.00 14.17 8.69 3.84
Learned 33.21 15.94 8.98 4.66
Gain +3.5 +6.3 +5.3 +8.1

Table 6.11: Comparative of the environment affordances effect on the
STAformer++ model. Results in mAP on the validation split of Ego4D v1.

We start evaluating the interaction hotspots with simple spatial priors. A center prior,

that benefits bounding box predictions in the center of the scene, is detrimental to

performance due to the complexity of egocentric video in which the objects appearing in

the peripheral areas can be interacted with in the future. Similarly, re-weighting based

on the current hands location with respect to the object proves ineffective, highlighting

the importance of explicitly modeling future hand motion to predict the next interacted

objects. Re-weighing confidence scores based on the spatial prior provided by the

interaction hotspots produces a general improvement in all the metrics (e.g., N mAP of

17.82 vs 16.20 in StillFast and 23.63 vs 21.71 in STAformer - mAP All of 2.53 vs 2.48 in

StillFast and 3.66 vs 2.53 in STAformer) by accounting for future interaction locations.

Combining environment affordances and hotspots brings significant improvements in

both StillFast and STAformer. For instance, STAformer improves N mAP from 21.72

to 24.36 and All mAP from 3.53 to 3.77.

Learned vs. Fixed Environment Affordances in STAformer++. We compare

our approaches for grounding environment affordances in the STA task in Table 6.11.

Learning affordances during training shows consistent gains in all the metrics, from

32.07 to 33.21 N mAP, 15.00 to 15.94 N+V mAP, 8.53 to 8.98 N+δ mAP and 4.31

to 4.66 All mAP. At higher performance levels, the use of a fixed distribution results

in degradation, demonstrating the significance of a flexible and adaptive affordance

representation for refining the probabilities.

6.8.4 Qualitative results

Figure 6.8 reports attention maps produced within the dual image-video attention mod-

ule and final predictions (top). Video tokens attend fine-grained object information in

the high-resolution image (middle), while image tokens attend scene dynamics in video

features, which correspond to regions important for future interactions, such as moving

hands or objects (bottom). We illustrate in Figure 6.9 a qualitative comparative on

the Ego4D dataset between our two proposed models: STAformer and STAFormer++.

The results show qualitatively the improvements achieved our novel architecture ver-
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sion. First, the detected bounding boxes delimit significantly better the objects contour

(i.e, the “wood” in the second column or the “bag” in the final example). Next, they

predict more correctly the semantic class of the detected objects (i.e, “tape” in the

second, or “container” in the fourth column). Finally, STAformer++ captures better

the action dynamics and offers more plausible next-interactions according to the scene

context, as the two first examples show.

6.9 Conclusions

In this chapter, we addressed the problem of Short-Term object-interaction Anticipa-

tion (STA). We proposed two novel architectures for STA. First, STAformer leveraged

transformer models for feature extraction, and introduces novel components for image-

video fusion, as the frame-guided temporal pooling or the dual cross-attention. Next,

with STAformer++ we further improve performance by adopting a DETR prediction

head. Our work also explores the contributions of environment affordances and inter-

action hotspots for refining the probabilities of STA models. We first propose a fixed

representation which we exploit at inference with late fusion. A second approach en-

ables STAformer++ to learn to extract the similarity of the current video with a mem-

ory of the past interactions in order to extrapolate the affordances distribution. Our

results showcase the improvements given by the proposed architecture and affordance

modules, which scores first on all splits of the challenging Ego4D and EPIC-Kitchens

benchmarks. We also detailed the contribution of each individual component through

ablations and showed that the integration of affordances is beneficial also to other STA

architecture besides the proposed one.
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Part IV

Exploiting multi-modal cues
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Chapter 7

Temporal Video Segmentation with
Natural Language using Text-Video

Cross Attention and Bayesian
Order-priors

So far, I have proposed visual models of objects, environments, and affor-

dances that learn by exclusively observing videos or images from a first-

person view. However, aligning egocentric video with natural language is

a crucial step toward enabling autonomous agents to communicate more

naturally. This chapter focuses on the step grounding task, which involves

localizing the temporal boundaries of specific activities—described in free-

form natural language—within long, untrimmed egocentric videos. While

this task benefits from the flexibility of open-vocabulary language descrip-

tions, it also requires handling extremely long video sequences with a long-

tail distribution of step durations. To address these challenges, I intro-

duce Bayesian-VSLNet, a test-time refinement strategy that incorporates

temporal-order priors into the predictions. This simple yet effective re-

finement leverages Bayes’ theorem to align predictions with the sequential

order of steps, correcting common issues such as step repetition and cyclic

actions.

7.1 Introduction

The proliferation of wearable and mobile devices and the growing availability of assis-

tive robotic platforms present plenty of opportunities to develop and integrate assistive

technologies into users’ daily lives. Many of these innovative applications are enabled

by video perception systems, making understanding video content a crucial task for
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these domains. For example, wearable video devices are opening up new possibilities for

health and safety among other fields, including applications such as assistance to im-

paired people with supermarket shopping [300], or detection of mistakes in procedural

egocentric videos [301]. These kinds of applications require detailed video understand-

ing. The temporal grounding of events of interest, often described by open language

descriptions, is a challenging task towards this goal.

Understanding video demonstrations and aligning video content with natural lan-

guage descriptions is also an essential perception task for robot learning [302]. In

particular, imitation learning and reinforcement learning using video demonstrations

[303–306] show great potential in robotic applications, as videos can be easily repro-

duced multiple times with minimal cost and even transferred between robots. However,

most related work is focused on learning using short videos and simple tasks, splitting

complex behaviors into simple steps or single actions that can be trained individu-

ally [307]. This prior splitting limits the rich information that can be extracted from

videos, and hinders the performance for complex plans. Autonomous robots, oper-

ating in real-world environments, gather vast amounts of visual data throughout the

day [1,308] and numerous video demonstrations can be easily found on Internet [303].

In this context of vast amounts of unlabeled video data, the Step Grounding (SG) [3]

task is crucial. The objective of this task is to localize the temporal boundaries of

activities, described in free-form natural language, within long and untrimmed videos.

Assistive devices require strong episodic memory capabilities [26], in order to identify

the location of certain objects in a full video, discarding multiple irrelevant frames and

focusing on certain actions. In robotics, it is usually needed to decompose complex

tasks -such as object manipulation [309] or household chores [310]- into manageable

steps, facilitating decision-making [311] and execution, or easing a posterior imitation

learning [87]. Figure 7.1 illustrates an example of the proposed approach applied to

video captured by a robot. To identify the specific video segments corresponding to

the task of washing clothes, the activity is described through simple natural language

instructions, such as “Prepare the soap” or “Put the washed clothes in the dryer”.

Step grounding addresses two key challenges that are critical for real-world appli-

cations (Figure 7.1). First, unlike traditional temporal action segmentation methods

that rely on a fixed set of action labels [88–93], SG introduces flexibility by using

natural language descriptions to identify actions. Second, the SG task handles long,

untrimmed videos, enabling assistive vision devices and autonomous robots to manage

large-scale visual data and prolonged sequences. In contrast, previous works typically

focus on short clips of only a few minutes [34, 93, 312, 313]. The extended duration of

videos intensifies the “needle in a haystack” problem, where irrelevant frames interfere
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with the precise alignment between the video content and the textual query, leading

to a loss of contextual detail.

In this chapter, we propose Bayesian-VSLNet, a method that addresses the chal-

lenges presented in SG. This approach first extracts a video-text feature representation

for each processed video and the text query using Video Language Pre-trained (VLP)

models, which are specially trained via contrastive learning to align both modalities in

a common feature space. Bayesian-VSLNet extends VSLNet [314], a video span local-

izing network, with a novel training strategy that groups all the identical text queries

of a video, and a head that predicts the binary probability of each video segment rep-

resenting the text query. Our key contribution of this chapter is a test-time refinement

strategy that integrates temporal-order priors into the predictions. This simple yet

effective refinement is guided by Bayes’ theorem, aligning predictions according to the

sequential order of steps. A enhanced model, Bayesian-VSLNet++, processes video

sequences spanning a few hours, allowing robots to interpret longer and more intricate

action sequences. This approach is evaluated on the Ego4D Goal Step dataset [3],

which comprises videos of procedural activities. This dataset presents additional chal-

lenges, such as cyclic actions, a long-tail distribution of step durations, and very long

videos lasting up to 5 hours.

All things considered, our contributions in this chapter are:

− We design a novel Bayesian temporal-order method that adjusts for cyclic and

repetitive actions, refining predictions during inference. This approach achieves

state-of-the-art results on the step grounding task at the Ego4D 2024 challenge.

We also include an extensive experimental analysis of the approach and its design

choices.

− We propose two novel temporal grounding metrics that measure different aspects

related to the step grounding task.

− We show qualitative results in household assistive scenarios demonstrating its

applicability to real-world robotic and assistive use cases.

The work introduced in this Chapter won the Step Grounding Ego4D challenge

at the EgoVis Workshop during CVPR 2024. Next, a follow-up journal version is

currently under review.

− Carlos Plou*, Lorenzo Mur-Labadia*, Ruben Martinez-Cantin, and Ana C Murillo.

CarLor@ Ego4D Step Grounding Challenge: Bayesian temporal-order priors for

test time refinement. Winner Solution at Ego4D Step Grounding challenge during

EgoVis Workshop CVPR 2024 arXiv preprint arXiv:2406.09575, 2024.
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Figure 7.1: Step Grounding task: localize the segment in a long untrimmed video
that represents the free-form natural language description of the step. The example
represents the SG task (step 7 and step 12) along a video captured by an autonomous
robot performing household chores.

− Carlos Plou*, Lorenzo Mur-Labadia*, Ruben Martinez-Cantin, and Ana C Murillo.

Temporal Video Segmentation with Natural Language using Text-Video Cross

Attention and Bayesian Order-priors. In Recent Advances in Assistive Computer

Vision and Robotics Special Issue of Computer Vision and Image Understanding

Journal, (Under Review)

7.2 Related works

7.2.1 Egocentric Video Understanding.

Egocentric (first-person) vision offers a unique perspective for understanding human

behavior, as it closely captures fine-grained hand–object interaction details. The ar-

rival of large-scale datasets such as Ego4D [26] and Epic-Kitchens [25] has driven

progress in action recognition [34, 35], action anticipation [232, 270], affordance seg-

mentation [38, 39], and episodic memory [40, 41]. These advancements in perception

capabilities have led to various applications in assistive technologies. For example, [300]

present an augmented reality system to guide individuals with impairments during

supermarket shopping; [315] assist industrial operators in retrieving information on

tools, equipment, and safety procedures; [301] detect mistakes in procedural egocentric

videos; [316] combine GPS with visual information to guide users in urban environ-

ments; and [317] provide step-by-step assistance in instructional videos through visual

affordances.

The unique perspective of egocentric vision for capturing interactions has also con-

verted it into promising way to scale up learning in robotics [21, 318]. For exam-
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ple, [62] learn interaction regions and afforded grasps from attending the hands move-

ments, [319] leverage egocentric YouTube videos to learn navigation policies, while [320]

fine-tune video captioning models on egocentric data to enable high-level reasoning

over long-horizon tasks. However, the egocentric video modality introduces additional

challenges, such as the sensor gap and the need for models to process extremely long

recordings with a low density of informative frames. In this chapter, we introduce a

test-time refinement strategy that incorporates the expected step order, improving the

model’s ability to handle long videos involving multiple action steps.

7.2.2 Video in robotics

Automatically understanding video content is a fundamental perception task in robotics,

enabling a wide range of applications such as aerial drone action recognition [321,322],

forecasting in autonomous driving [323,324], and real-world surveillance [325]. By lever-

aging video data, robotic systems can track objects with higher spatial and temporal

resolution, facilitating more accurate navigation in complex environments [326–330].

Moreover, video provides fine-grained features and temporally consistent representa-

tions, helping to compensate for the lack of visual detail in texture-less modalities such

as point clouds [331, 332]. For instance, [331] employed a video-language model to

address the texture deficiency in 4D point clouds, effectively aligning both modalities

to improve action recognition. Moreover, video is frequently employed in reinforce-

ment learning for robotic manipulation [303, 304, 307], as it provides rich cues about

interactions and the sequential structure of complex tasks. [307] combined data col-

lected through robot interactions with observed videos of the same tasks to learn more

effective control policies.

7.2.3 Bayesian statistics for video understanding

Bayesian statistics has also been applied to video understanding. [333] incorporated

a Bayesian dropout-based variational layer into an audio-visual activity classifier to

capture epistemic uncertainty in predictions and [334] introduced a teacher-student

Bayesian evidential deep learning model for uncertainty quantification in online action

detection. [335] incorporated Laplace ensembles into the final layer of a ViT to reduce

overconfidence in action recognition. Rather than explicitly computing uncertainty,

other approaches leverage Bayes’ theorem to encode prior knowledge of step sequences,

thereby enhancing robustness. [336] introduced a hierarchical Bayesian model that

captures the realization of repeated procedural actions. Similarly, [337, 338] exploited

the temporal ordering of action steps to learn more robust video representations. In
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this chapter, we propose a Bayesian temporal order prior that adjusts for cyclic and

repetitive actions, widely present in long, untrimmed videos.

7.2.4 Video Temporal Segmentation

From all the tasks related to video understanding, our work is focused on tempo-

ral segmentation, which aims to predict the start and end of actions. Initially, the

Temporal Action Localization (TAL) task assumed a fixed and closed set of action

labels [88–93]. ActionFormer [88] predicts actions boundaries using a multi-scale fea-

ture representation processed by a self-attention based transformer. [90] introduced a

weakly supervised technique that achieved comparable SOTA results using less than

1% of the fully supervised labels. The precise temporal segmentation of the actions has

facilitated human-robot interaction in various scenarios, such as surgical cooperation

with robots [339–341], assistance in daily living tasks [342] and cooking [343]. [344]

leverage the sequential nature of activities to guide a clustering algorithm in an un-

supervised approach. However, TAL approaches are constrained by the set of action

labels used during training, which limits its development in real-world scenarios with

a higher variety of actions and object semantics.

The arrival of Video-Language Pre-training (VLP) methods [6, 7, 345–347] allows

the opportunity of more complicated challenges, like Natural Language Queries (NLQ)

task [26]. It consists of identifying the moment in a video that answers a text query.

VLP methods [345–347] learn transferable representations from a large-scale training

on pairs of video and the respective text narration, using a contrastive learning ob-

jective that aligns both modalities. EgoVLPv2 [6] incorporates a cross-modal fusion

mechanism inside the video and text backbones, learning stronger video-text represen-

tation. EgoVideo [7] collects a massive egocentric and exocentric video-text dataset,

obtaining the SOTA in a wide variety of tasks. NLQ approaches [234, 311, 348–350]

leverage VLP models to propose multiple solutions. GroundNLQ [351] incorporated

a text-aware temporal pyramid to capture temporal intervals of varying lengths. [348]

proposed a sliding window technique to pre-filter candidate windows, preserving tem-

poral resolution. EgoEnv [234] contextualizes videos within their 3D physical envi-

ronment, rather than relying on naive temporal feature aggregation. [350] transforms

the common video-text narrations into training data for NLQ, substantially boosting

the performance across top models. Lastly, [352] introduces a novel clip selection ap-

proach to search the core clip iteratively. Specifically, we build upon VSLNet [353], the

gold-standard neural network for open-vocabulary video localization which proposes

a video span localization network that employs a shared feature encoder followed by

context-query attention to learn cross-modal features.
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7.3 Background

In this chapter, we focus on the step grounding task [3], which aims to identify the tem-

poral clip (start time, end time) corresponding to a given free-form language descrip-

tion, representing a step within a procedural task. Our proposed method, Bayesian-

VSLNet, extends the VSLNet architecture [314,353], the gold-standard neural network

for natural language video localization, designed to localize a single query within a

video. We adopt the VSLNet baseline due to its suitability for our target applications

(robotics and assistive vision devices), offering a lightweight architecture compatible

with embedded devices and enabling real-time inference with an average processing

time of 125 ms per text query.

7.3.1 Problem definition

Given a set of long videos of procedural tasks, let V represent one of these videos. As-

sume that V has a duration of D seconds and contains a process of n steps. Each video

V is linked with a text description of the process in the form of a set of natural language

descriptions T = {tj}nj=1, where each tj describes a specific step of the procedural task.

Thus, our goal is, given a video V and a text query -i.e. natural language description

of a step- tj, to predict its starting and ending times (sj, ej) inside the video. We will

refer to this time interval as a step clip.

7.3.2 VSLNet

Given a video V and a text query tj, VSLNet method starts pre-extracting the video

and text representations through a video encoder (Omnivore-L [4]) and a text encoder

(BERT [5]), respectively. Afterwards, for long videos, it adopts a sparse sampling

technique for compressing the video features. This technique involves dividing the

video into K uniform segments and averaging the video features within each segment.

This transformation makes the problem more efficient by converting each step clips

(sj, ej) into a discrete representation (ksj , k
e
j ) ∈ [0, K],

ksj = ⌊sj ·K
D
⌋, kej = ⌊ej ·K

D
⌋. (7.1)

The pre-extracted visual and text representations are processed with a shared fea-

ture encoder formed by four convolutional layers followed by multi-head attention.

Then, a context-query attention extracts cross-modal interaction features between the

refined visual and text representations. This obtains a feature per segment with the

content of the video refined with its significance in the query. The original VSLNet’s

139



Figure 7.2: Bayesian-VSLNet. (Left) Our architecture is an extension of VSLNet
with two novel components: a novel head predicts the probability of the text query in
each video segment and a Bayesian temporar-order prior refines the predictions during
the inference stage. (Center) VSLNet predicts each step independently, producing a
prediction probability for each segment of the video, resulting in inconsistent results
for long videos or descriptions with multiple steps. (Right) Bayesian-VSL use a step
prior based on the order of the sequence of steps which improves the accuracy for long
videos and guarantees consistency in the process description. During training, a step
description might be repeated multiple times (see training GT) which confuses VSLNet.
However, at inference time we want to segment the video to the exact occurrence of
that step where the ordering prior plays a fundamental role.

head outputs two probability vectors p̂s
j , p̂

e
j ∈ [0, 1]K that estimate the likelihood of

starting and ending the step described by the text query tj in each of the K segments,

as Figure 7.2 shows. After crossing both vectors p̂s
j and p̂e

j , VSLNet predicts the start-

ing and the ending segment (k̂sj , k̂
e
j ), which will result in the final predicted step clip

(ŝj, êj).

However, VSLNet [314] handles each step of the video independently, making it

challenging to model scenarios where different steps share the same text description,
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such as repeated actions within a procedural task. This is particularly problematic

during training: when identical text queries appear, the model treats each instance

separately, potentially leading to contradictions between iterations. Besides, during

inference, all step clips within a video that share the same natural language description

are assigned identical predictions, forgetting about the temporal order of the steps.

7.4 Method

Our method, Bayesian-VSLNet, extends the VSLNet architecture which fails to address

the two key challenges of the step grounding task: cyclic actions and long videos.

1. The procedural nature of Ego4D videos involves repeated and cyclic actions,

which complicate training under VSLNet’s original formulation [314] as we men-

tioned in Section 7.3.2. As illustrated in Figure 7.2, VSLNet partitions the video

into segments and estimates the probability of each segment marking the start

and end of an action, which fails when there are repeated steps with the same text

description. In contrast, our Bayesian-VSLNet directly predicts, for each video

segment, the probability of being associated with the text query, mitigating the

adverse effects of repeated actions.

2. The extended duration of the videos dilutes fine-grained correspondences and

significantly increases the number of potential moment candidates. To address

this, we introduce a novel test-time refinement strategy that leverages Bayes’ rule,

incorporating temporal-order priors into our predictions. These priors refine the

output probabilities in order to accurately predict every moment when the step

appears in the video and focus the prediction according to the step order in the

sequence.

Therefore, while Bayesian-VSLNet preserves the efficiency of VSLNet architecture [314],

it introduces some modifications in the training and inference procedures that allow it

to tackle the main challenges of the task.

7.4.1 Text and Video Representations

Following previous work [348], we enhance our video representations by aggregating

features from various video encoders [4, 6, 7]. Omnivore-L [4] is a multi-modal vision

model trained on images, videos, depth maps and 3D data using supervised learn-

ing, enabling it to generalize across different visual input modalities and producing

modality-invariant embeddings. Additionally, we employ EgoVideo [7] and the dual-

encoder version of EgoVLP-v2 [6], which are egocentric VLP models. Both models are
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trained via contrastive learning to align video and text embeddings, obtaining notable

performance on episodic memory or action recognition tasks. Similar to VSLNet, we

divide the video into K uniform segments and average the video features within each

segment. In the same way as Eq. 7.1, we transform the ground truth step clips from

time reference (sj, ej) into segments reference (ksj , k
e
j ) ∈ [0, K].

7.4.2 Bayesian-VSLNet

We detail the training and inference procedures of our novel Bayesian-VSLNet, which

are depicted in Figure 7.2.

Training. Given a video V and a text query tj, we start grouping all the step clips

of the video whose natural language description is identical to tj. Then, we build a

ground truth “event” vector pj = {pkj}Kk=1 ∈ {0, 1}K that contains all the segments of

these grouped step clips. In mathematical terms,

pkj =











1, if ∃tq ∈ T s.t.
1 tq = tj

2 ksq ≤ k ≤ keq
0, otherwise

(7.2)

We replace the VSLNet head with a single LSTM layer followed by a sigmoid layer,

producing p̂j ∈ [0, 1]K . The model is trained using Binary Cross-Entropy loss.

Inference. Given a video V and a text query tj, we predict the starting and ending

segment (k̂sj , k̂
e
j ) from the event probability distribution p̂j. To achieve this goal, we

search the most likely segment, that is, k∗j = arg maxk p̂
k
j and, from it, we extend the

clip forward (k∗j → k) and backward (k ← k∗j ) until p̂kj is under the α-percentile p̂αj ,

where α controls the segment amplitude. In other terms,

k̂sj : k ≤ k∗j s.t. p̂k−1
j < p̂αj ≤ p̂kj ,

k̂ej : k ≥ k∗j s.t. p̂kj ≥ p̂αj > p̂k+1
j .

(7.3)

However, let us assume that a given text description is repeated m times in a

video. Each text query yields the same prediction p̂j, resulting in a single clip (k̂sj , k̂
e
j ),

and loosing the fact that the step occurs m times. To mitigate this drawback, we

exploit Bayes rule, adding a temporal-order prior qj = {qkj }Kk=1, defined as a Gaussian

distribution:

qkj := N
(

k;
j ·K
n

,K · β
)

, (7.4)

where β controls the prior shape distribution and therefore its influence on the final

posterior. Hence, we redefine our final predictions as

p̂kj :=
p̂kj · qkj

max(qj)
, (7.5)
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Figure 7.3: Influence of the α and β hyper-parameters at the inference stage.
β determines the variance of the prior that controls the smoothness of the posterior.
It can be seen as the weight that we give to the step ordering. Once we have the
posterior, α sets the threshold (α-percentile of the posterior probability value pkj ) that
controls the length of the predicted clip and can be used to control the ratio of true
positives and false positives.
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which, as shown in Figure 7.2, results in a more accurate predicted step clip (k̂sj , k̂
e
j ).

Figure 7.3 illustrates the roles of hyper-parameters α and β.

7.5 Experimental Setup

7.5.1 Dataset

We conduct our experiments on the Ego4D Goal-Step dataset [3], which comprises

egocentric videos of procedural activities, allowing us to evaluate our model in real-

world scenarios that require processing long video sequences [1]. The dataset consists

of 368 hours of egocentric video footage, spanning 851 videos with durations ranging

from 15 seconds to 5 hours, with an average length of 26 minutes. These videos

exhibit a long-tail distribution of segment lengths, capturing procedural activities that

vary from brief atomic actions lasting a few seconds to extended activities spanning

several minutes. As shown in Figure 7.4, this variability necessitates both fine-grained

and global video understanding. In total, the dataset contains 48K step annotations,

densely labeled across the videos, averaging 56 annotations per video. Each annotation

includes a time interval and a free-form natural language description of the ongoing

action. Following previous work [3], we extract video features with a stride of 16

frames—equivalent to 1.875 features per second—using a sliding window of 32 frames.

7.5.2 Metrics

Temporal grounding tasks commonly use the Intersection over Union (IoU) to measure

the temporal similarity between the predicted step clip ĝj = (ŝj, êj) and the ground

truth step clip gj = (sj, ej) for each text query tj. We will refer to this metric as the

IoU-IndOrder metric.

However, IoU-IndOrder does not account for cases where some step clips from the

procedural video V share identical natural language descriptions. As a result, the

predicted step clip ĝj for a text query tj could perfectly overlap with another step clip

gk that shares the same description (tk = tj), yet the IoU-IndOrder value would be

zero. To address this limitation and provide more flexibility, we propose two alternative

temporal grounding metrics: IoU-IndAll and IoU-Grouped. Next, we will provide a

detailed explanation of these metrics.

• IoU-IndOrder: it computes the IoU between a predicted segment ĝj and the

ground truth segment gj located in the same order position j.

IoU− IndOrder (ĝj, gj) = IoU (ĝj, gj) . (7.6)
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Figure 7.4: Distribution of the step durations in the Ego4D Goal-Step
dataset.

Figure 7.5: Visualization of the metrics (IoU-IndOrder, IoU-IndAll, IoU-Grouped)
for a video and three step clips g2, g4, g7 that share the same natural language descrip-
tion. Here R@1mIoU=0.3 values would be 33.3, 66.6, and 100, respectively.
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• IoU-IndAll: For every predicted clip ĝj, this metric computes the IoU with each

ground truth clip of the video V that has an identical text query, retaining the maximum

IoU value obtained. In mathematical terms,

IoU-IndAll (ĝj, gj) = max
q|tq=tj

IoU (ĝj, gq) . (7.7)

• IoU-Grouped: This score calculates the IoU between the set of predicted step

clips Ĝj = {ĝq|tq = tj} and the set of ground truth step clips Gj = {gq|tq = tj} whose

text queries share the same natural language description.

IoU-Grouped (ĝj, gj) = IoU
(

Ĝj, Gj

)

. (7.8)

Specifically, Ego4D Goal-Step dataset leverages the IoU-IndOrder to report the

Recall-at-one (R@1) for mIoU=0.3 and mIoU=0.51 was the metric used to rank the

Ego4D 2024 challenge [3,26], which measure the percentage of predicted clips that get

an mean IoU value greater than 0.3 and 0.5, respectively. We show in Figure 7.5 the

main differences among the three temporal grounding metrics when leveraging them

to report the R@1,mIoU=0.3.

7.6 Results

In this section, we analyze the impact of the improvements introduced by Bayesian-

VSLNet for the step grounding task. Specifically, we evaluate two configurations of

Bayesian-VSLNet, both of which share the same architecture, training, and inference

procedures described in Section 7.4.2. The key difference between these configurations

lies in their video/text feature representations and hyperparameter settings.

The first configuration of our model, Bayesian-VSLNet-v0, utilizes video features

from Omnivore-L [4] and EgoVLPv2 [6], with test-time refinement hyperparameters set

to β = 0.1 and α = 90. As Table 7.2 shows, this model won the Ego4D Step Grounding

challenge at the CVPR 2024 EgoVis workshop. Next, we developed an improved

version, called Bayesian-VSLNet++, which employs a more robust video representation

composed of features from Omnivore-L [4], EgoVLPv2 [6], and EgoVideo [7], along with

refined test-time hyperparameters. However, since the evaluation server was promptly

closed, we report results for the Bayesian-VSLNet++ only on the validation set, as

Table 7.1 shows. All experiments were conducted using two NVIDIA GeForce RTX

4090 GPUs. We employed the AdamW optimizer with a linear learning rate scheduler

for training.

1R@1,mIoU=0.3
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Validation-R@1 mIoU

Grouped IndAll IndOrder

Model Name 0.3 0.5 0.3 0.5 0.3 0.5

VSLNet (Baseline) 19.17 12.98 19.62 12.27 12.15 7.67

Bayesian-VSLNet-v0 24.28 12.70 24.83 12.01 18.15 8.97
Bayesian-VSLNet++ 30.43 18.71 32.48 19.62 23.75 14.41

Table 7.1: Results in the Ego4D Goal-Step validation set [3]. We measure R@1,
mIoU=0.3 and R@1, mIoU=0.5 for each temporal grounding metric.

Test-R@1mIoU- IndOrder

Model Name 0.3 0.5

VSLNet (Baseline) 19.04 12.04
FlyFishing* 29.69 18.99
iLearn* 33.00 26.37
EgoVideo [7] 34.06 26.97
Bayesian-VSLNet-v0 (Ours) 35.18 20.48

Table 7.2: Results for the different methods evaluated in the test set
of the Ego4D Goal-Step dataset by the evaluator server as part of the
Step Grounding challenge. It measures R@1,mIoU=0.3 (primary metric) and
R@1,mIoU=0.5 for the IoU-IndOrder metric.

7.6.1 Quantitative results

Table 7.1 shows that our proposed training and inference strategy (Section 7.4.2) en-

ables Bayesian-VSLNet to significantly surpass the baseline VSLNet across all eval-

uated metrics. Notably, in the primary metric R@1 mIoU-IndOrder=0.3, Bayesian-

VSLNet-v0 achieves a 49.5% improvement over the baseline (18.15 vs. 12.15 R@1

mIoU-IndOrder=0.3), while Bayesian-VSLNet++ exhibits an even more substantial

gain, with a 95.5 % increase (23.75 vs. 12.15 R@1mIoU-IndOrder=0.3). These results

highlight the effectiveness of incorporating Bayesian priors in tasks where specifying

the exact step instance is crucial, particularly when steps are duplicated in the descrip-

tion. Additionally, the improvements remain consistent across other metrics (mIoU-

Grouped and mIoU-IndAll), indicating that our approach achieves more robust video

understanding while effectively leveraging the temporal priors of Bayesian-VSLNet.

Next, we report the results of the Ego4D Step Grounding CVPR 2024 EgoVis

workshop in Table 7.2. In order to ensure fair competition, it featured an evaluation

server with a withheld ground truth test set. Our best configuration up to that point,

Bayesian-VSLNet-v0, achieved the state of the art by surpassing all other teams in the

primary metric (35.18 R@1, mIoU- IndOrd=0.3) and winning the challenge. As the
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Validation-R@1mIoU

Hyper. Grouped IndAll IndOrd

α β 0.3 0.5 0.3 0.5 0.3 0.5

90 0.1 29.17 16.99 29.81 16.71 22.45 12.82
85 0.1 26.87 15.17 26.57 14.15 20.13 10.91
95 0.1 30.43 18.71 32.48 19.62 23.75 14.41

98 0.1 27.79 16.97 29.63 18.49 21.86 13.50
95 0.05 28.39 16.51 29.89 16.93 22.82 13.03
95 0.15 29.89 18.81 32.41 20.11 23.12 14.37

Table 7.3: Ablation study of α and β hyper-parameters for the Bayesian-
VSLNet model in the Ego4D Goal-Step validation set. We measure
R@1,mIoU=0.3 and R@1,mIoU=0.5 for each of the temporal grounding metrics. Gray
row shows the α and β values used in the Bayesian-VSLNet++ configuration.

primary metric (R@1 mIoU-IndOrd=0.3) considers relevant the step order in repeated

actions, the impact of our temporal priors results crucial, as it discards false positives

outside the relevant video region.

7.6.2 Ablation studies

First, we provide an ablation study of both α and β hyper-parameters from Bayesian-

VSLNet++ configuration in Table 7.3. The best results were obtained with a percentile

threshold of α = 95 and β = 0.1. The high α value ensures the selection of segments

that are not excessively long, even after the smoothing effect introduced by an inter-

mediate β covariance value in the prior, which reduces probability differences between

consecutive segments.

Next, we evaluated the impact of encoding video and the step description across dif-

ferent models in Table 7.4. The combination of Omnivore-L with BERT features yields

the lowest performance (15.20 R@1mIoU-IndOrder=0.3 and 7.32 mIoU=0.5) since both

encoders are trained with data of their respective modality and consequently, they lack

the fine-grained alignment necessary for effective step grounding. In contrast, using

specialized video-language pre-trained models significantly improves performance. For

instance, EgoVideo [7] achieves 19.90 R@1mIoU-IndOrder=0.3 and 11.29 mIoU=0.5,

as it is trained via contrastive learning to align video and text embeddings, producing

more representative features that enhance the subsequent temporal segmentation by

our Bayesian-VSLNet head. Next, we combined video features from different models

to obtain a more comprehensive video representation, leading to the best performance

for both VSLNet (18.19 R@1mIoU-IndOrder=0.3 and 13.55 mIoU=0.5) and Bayesian-

VSLNet (21.05 R@1mIoU-IndOrder=0.3 and 13.50 mIoU=0.5). These results further
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Model Video Features Text Features K mIoU-IndOrd

Name Config [4] [6] [7] [5] [6] [7] 0.3 0.5

VSLNet ✓ - - ✓ - - 128 11.77 7.77
VSLNet ✓ ✓ - - ✓ - 128 13.13 8.75
VSLNet ✓ ✓ - - ✓ - 512 16.26 11.81
VSLNet ✓ ✓ - - ✓ - 1024 15.28 11.18
VSLNet - - ✓ - - ✓ 512 17.74 12.32
VSLNet ✓ ✓ ✓ - - ✓ 512 18.19 13.55

Bay-VSLNet ✓ - - ✓ - - 128 15.20 7.32
Bay.VSLNet v0 ✓ ✓ - - ✓ - 512 18.15 8.97
Bay.VSLNet - - ✓ - - ✓ 512 19.90 11.29
Bay.VSLNet ✓ ✓ ✓ - - ✓ 512 21.05 11.53
Bay.VSLNet ++ ✓ ✓ ✓ - - ✓ 1024 23.75 14.41
Bay.VSLNet ✓ ✓ ✓ - - ✓ 2048 22.27 13.70

Table 7.4: Ablation study about number of segments K and feature extrac-
tors in the Ego4D Goal-Step validation set for both VSLNet and Bayesian-
VSLNet architectures. We leverage Omnivore-L [4], BERT [5], Ego-VLP [6] and
EgoVIDEO [7] features. We take R@1,mIoU-IndOrd at 0.3 and 0.5 as reference metric.

highlight the advantages of our Bayesian-VSLNet approach, which consistently out-

performs its VSLNet counterpart, demonstrating its effectiveness in improving step

grounding accuracy.

Further, we also present a comparison of the number of sampled segments in

Table 7.4. As the results show, the optimal configuration, Bayesian-VSLNet++, is

achieved with 1024 segments. This configuration reports 23.75 mIoU=0.3 and 14.41

mIoU=0.5. This is a good balance between the model complexity and the information

loss due to the diffusion of individual video features in the segment.

7.6.3 Qualitative results

Figure 7.6 presents qualitative results from our best-performing configuration, Bayesian-

VSLNet++, across five egocentric videos covering different activities, illustrating the

impact of our novel temporal priors. The figure demonstrates how Bayesian-VSLNet

predicts the probability of each step description corresponding to a given video seg-

ment. Notably, similar descriptions (e.g., ”Adds minced cocoa into milk?” vs. ”Mix

minced cocoa and milk together?” in the first example) yield nearly identical predic-

tions, highlighting the challenge of achieving precise segmentations. As shown in the

fourth example, when a video contains multiple repeated procedural actions, an ef-

fective temporal prior becomes crucial for accurately segmenting steps. Our temporal

ordering mechanism refines the network’s probability predictions, aligning them with
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the correct temporal sequence to enhance segmentation accuracy. However, the sparse-

sampling technique poses a limitation, as it causes the model to struggle with short

atomic actions due to the loss of fine-grained temporal information during sampling.

7.6.4 Qualitative results on assistive robotics data

We present qualitative results in a real-world assistive robotics scenario to demon-

strate the potential of our approach in enhancing human-robot interaction in practical

applications. Specifically, we used two near-egocentric videos from the Mobile Aloha

project [1], each about 2 minutes long, featuring a robot performing household chores

with approximately 30 and 15 steps, respectively. We queried the model with the free-

form description of three different steps, without any prior fine-tuning on this data.

Our approach achieves efficient execution, with an inference time of 125 ms per sam-

ple, ensuring real-time processing capabilities and supporting embedded applications

as Figure 7.7 shows.

7.7 Conclusions

Video understanding is a key perception task for assistive applications, where robotic

platforms or wearable devices frequently rely on video data to function. In this paper,

we presented Bayesian-VSLNet to improve existing video understanding capabilities.

Our novel approach for step grounding in long, untrimmed videos exploits video text

cross attention and Bayesian temporal-order priors to significantly improve temporal

segmentation of activities from natural language descriptions. Our approach addresses

challenges in real-world applications, like repetitive and cyclic actions. Our main limi-

tation comes in very long videos, where a sparse-sampling technique is not enough. We

achieve state-of-the-art results on the Ego4D Goal-Step dataset, where this approach

won the step grounding challenge at the CVPR 2024 EgoVis workshop, and demon-

strate qualitative results on real-world robotics data, showing its potential for more

natural interactions and robot learning in assistive applications.
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Figure 7.6: Bayesian-VSLNet++ qualitative results on the Ego4D Goal-Step
dataset. The plots in the left column show the predicted probabilities by our Bayesian-
VSLNet per each step description, while the plots in the right column display the refined
probabilities after applying our temporal-order prior. The final predicted step clip is
extracted from the refined probabilities. We report the true positive segments in green,
the false positives in purple and the false negatives in blue.
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Figure 7.7: Qualitative examples in real-world robotics scenarios. Bayesian-
VSLNet predicts with high precision the moment associated to the provided step de-
scription without fine-tuning on this type of data. Video sourced from from the Mobile
Aloha project [1].
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Chapter 8

O-MaMa: Learning Object Mask
Matching between egocentric and

exocentric views

Although the egocentric perspective offers multiple cues for understanding

human behavior, relying exclusively on this viewpoint limits the overall

scope of comprehension. Therefore, in this final chapter, I investigate how

to complement the first-person view with the third-person (exocentric) per-

spective. Specifically, I address the Ego-Exo4D Correspondence task, which

aims to predict an object’s mask in one view given a query mask from the

other. My proposed solution redefines the complex cross-image segmen-

tation task by reformulating it as object mask matching across egocentric

and exocentric views, leveraging the powerful zero-shot segmentation capa-

bilities of Segment Anything Models (SAM). Object mask candidates are

first extracted in the target view using FastSAM. Each candidate is then

encoded with a Mask-Context Encoder that pools dense DINOv2 features,

capturing both discriminative object details and surrounding contextual in-

formation. The model is trained using a Mask Matching Contrastive Loss,

which enables effective cross-view object correspondence by aligning both

global scene context and fine-grained object features.

8.1 Introduction

Nowadays, intelligent agents need to collaborate while performing cooperative tasks.

This includes applications like multi-robot manipulation [354, 355], augmented reality

assistants [356, 357], and human-robot collaboration [358, 359]. In robot learning, a

robot could infer human dexterous manipulation skills by analyzing both third-person

demonstrations and first-person execution. Similarly, AI tutors in online education
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could enhance learning by aligning first-person demonstrations with third-person in-

structional videos, such as guiding a piano student’s hand placement from multiple

perspectives. Perception plays a crucial role in this scenario, but each agent typically

has access only to its own sensors or cameras, and each one perceives the environment

from a different perspective. Consequently, understanding object correspondences be-

tween egocentric (first-person) and exocentric (third-person) views is essential to align

multi-agent perception and establish a shared basis for interaction. Despite the ad-

vances in segmentation [360–363] and object detection [12, 364] from single images,

cross-view segmentation between egocentric and exocentric perspectives remains an

open challenge.

This chapter addresses the Ego-Exo4D Correspondences task, which aims to predict

an object’s mask in one perspective given a query mask from the other. Unlike tra-

ditional segmentation problems, this task introduces additional challenges, including

drastic viewpoint transformations, scale variations, occlusions, and domain shifts due

to differences in camera optics and imaging conditions. While the exocentric view cap-

tures both the full environment and the person’s body, it contains objects at multiple

scales. Conversely, the egocentric view offers rich details on hand-object interactions,

but it is highly dynamic, suffering from motion blur and frequent occlusions due to the

ongoing interactions. These challenges make establishing precise object-level corre-

spondences across views particularly difficult, requiring fine-grained segmentation and

strong cross-view semantic reasoning.

We propose simplifying the complex cross-image segmentation task by reformulat-

ing it as Object Mask Matching (O-MaMa) across ego and exo views, leveraging the

excellent zero-shot segmentation capabilities of Segment Anything Models (SAM) [17].

An overview of our proposed method is shown in Figure 8.1. First, we extract a set

of object mask candidates in the destination view using FastSAM [95]. To obtain

mask descriptors, each object mask is encoded with a Mask-Context Encoder, which

pools dense DINOv2 [16] semantic features from both object masks and their extended

bounding boxes, combining discriminative object features with contextual information.

In cluttered scenes, nearby objects often share similar context while containing distinct

object descriptors. Therefore, our proposed Hard Negative Adjacent Mining strategy

selects neighboring object candidates to encourage the model to better differentiate be-

tween nearby objects. Next, cross-view global features are incorporated using a novel

Ego↔Exo Cross Attention mechanism. Finally, our model is trained with a Mask

Matching Contrastive Loss, which selects the best mask candidate in the destination

view by learning a cross-view feature alignment that captures both global scene context

and fine-grained object features.
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Figure 8.1: Overview of the proposed Object Mask Matching (O-MaMa). In-
stead of attempting the complex cross-view segmentation task, first FastSAM extracts
a set of mask candidates in the destination view. Through contrastive learning, the
mask candidate that best matches the source mask is selected.

Our proposed method is both simple and effective, achieving state of the art in

the Ego-Exo4D Correspondences benchmark. O-MaMa obtains 45.8 (Ego2Exo) and

48.6 (Exo2Ego) IoU in the test v2 split, which represents a relative gain of +31.2%

and +94.4% against the official challenge baselines [27], respectively. Moreover, in the

validation v1 set, this method scores 50.1 and 54.2 IoU in the Ego2Exo and Exo2Ego

scenarios, showing a +13.1 % and +6.5 % against the previous SOTA model [365] using

only 1% of training parameters.

In summary, our contributions in this chapter are as follows:

1. We design the O-MaMa (Object Mask Matching) approach, which reformulates

the complex cross-view segmentation Ego-Exo Correspondences task as a cross-

view object mask matching.

2. We propose an Ego↔Exo Cross Attention mechanism that introduces cross-view

global features in the object embedding and a Hard Negative Adjacent Mining

that disambiguate between nearby but distinct objects with similar context. Our

results show that our proposed integration of local and global information results

in an object mask selection more sensitive to the cross-view relationship.

3. O-MaMa reports strong improvements compared with previous works, achieving

the state of the art in the Ego-Exo Correspondences task, while requiring only 1
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% of the trainable parameters compared to [365].

The results introduced in this Chapter won the Ego-Exo4D Correspondence Chal-

lenge at the EgoVis Workshop during CVPR 2025, and a extended version was pre-

sented during ICCV 2025.

− Lorenzo Mur-Labadia*, Maria Santos-Villafranca*, Jesus Bermúdez Cameo, Ale-

jandro Perez Yus, Ruben Martinez-Cantin and Jose J. Guerrero. O-MaMa @

Ego-Exo4D Correspondence Challenge: Object Mask Matching between Ego-

centric and Exocentric Views. Winner solution at EgoExo4D Correspondences

challenge during EgoVis Workshop CVPR 2025.

− Lorenzo Mur-Labadia*, Maria Santos-Villafranca*, Jesus Bermúdez Cameo, Ale-

jandro Perez Yus, Ruben Martinez-Cantin and Jose J. Guerrero. O-MaMa:

Learning Object Mask Matching between Egocentric and Exocentric Views. In

International Conference on Computer Vision. Core Ranking A*, 2025.

8.2 Related Works

Ego-Exo understanding. Exocentric (third-person) vision has been extensively

studied in action recognition [366,367], segmentation [368–370] and tracking [371,372].

Alternatively, egocentric vision offers a unique viewpoint for capturing human behav-

ior. The arrival of large-scale datasets [25, 26] has driven progress in action recogni-

tion [34,35], action anticipation [232,270], affordance segmentation [38,39], and episodic

memory [40, 41]. Since egocentric and exocentric views provide complementary visual

cues of the scene, combining both perspectives has emerged as a promising direction

for learning generalizable view-invariant representations. Some works [373, 374] im-

prove model training in one perspective by leveraging data properties from the other

view. Other works explore the benefits of learning cross-view invariant features for

action recognition [375–377], affordance segmentation [63], activity progression [378],

and temporal action segmentation [379]. In contrast, we propose learning view invari-

ant features at object level to match masks across synchronized views, which requires

fine-grained pixel-level predictions.

Learning correspondences. Traditionally, detector-based local feature matching

methods first detect key-points in an image and then extract descriptors to establish

correspondences following hand-crafted [380–382] or learning [297,383] approaches, us-

ing nearest neighbor search or an attentional graph neural network [384] to find matches

between the extracted interest points. More recently, detector-free methods [2,385,386]
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Figure 8.2: O-MaMa architecture. In the destination view, we generate a set of
mask candidates with FastSAM. We extract descriptors on both source and destination
masks by pooling dense DINOv2 features, and we aggregate global cross-view features
with respective cross-attention mechanisms. We learn view-invariant features in a
latent space via contrastive learning, and we select the most similar mask embedding
to obtain the corresponding mask.

have gained attention for their ability to directly obtain dense feature matches without

an explicit keypoint detection. For instance, RoMa [2] achieves robust feature matching

under extreme changes in scale, viewpoint and illumination. While these methods es-

tablish correspondences between images of the same scene or object instances, semantic

correspondence approaches [387–389] find dense matches between semantically similar

images. For example, Zhang [389] fuses DINOv2, that provides sparse but accurate

matches, with stable diffusion features, which contain high-quality spatial information.

Here, we propose leveraging powerful semantic features from DINOv2 as well, but in a

different context. Instead of keypoints or semantic parts, we establish correspondences

between entire object masks across different perspectives.

Segmentation Models. Traditional approaches are categorized into semantic seg-

mentation [360,361], instance segmentation [12,289,364], panoptic segmentation [199,

390–392], and video object segmentation [393–395]. SAM [17] introduced the prompt-

able segmentation task [95, 396–398], where fine-grained segmentation masks are gen-

erated from a spatial prompt (i.e, a point, or a bounding box). Recently, several

works [399–401] have leveraged the input token flexibility of Large Language Models

(LLMs) to support diverse input conditions and output formats.

Despite the significant advances in single-image segmentation, few works address

object segmentation across multiple images. For instance, semi-supervised video ob-

ject segmentation [393] methods segment an object along the video given its mask in
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the initial frame [402–406]. Similarly, image co-segmentation models aim to identify

common objects across different images [407–409]. Adapting LLMs to the cross-view

segmentation, Object-Relator [365] fine-tuned PSALM [400] with a dedicated module

that enforces view-invariant embeddings through a self-supervised alignment. In this

chapter, we propose to reformulate the cross-view segmentation as a mask matching

task, incorporating FastSAM [95] in our pipeline to leverage its fine-grained, zero-shot

segmentation capabilities; showing that we can achieve state-of-the-art results while

significantly reducing the number of trainable parameters.

8.3 Methods

8.3.1 Task Formulation

Given a pair of images from two different views (egocentric and exocentric) and a query

object maskMS in the source view IS, the objective of the Ego-Exo Correspondences

task is to predict the corresponding object mask in the destination view ID. In the

Ego2Exo task, the source view corresponds to the egocentric image, and the destination

view is the exocentric image, and the opposite happens in the Exo2Ego setting. The

task is restricted to use only visual information as input for the model, excluding

semantic labels, object names, or camera pose information.

Additionally, the task involves significant viewpoint variation and challenges due to

the inherent characteristics of each viewpoint: egocentric views suffer camera motion

and occlusions due to the ongoing interactions, while the exocentric perspective con-

tains objects at multiple scales distributed along all the scene. See Figure 8.3 for some

examples of these limitations in the dataset. All these factors require combining both

a very fine-grained segmentation capability and a global cross-view understanding to

effectively locate the corresponding objects across views.

8.3.2 Method overview

We reformulate the challenging cross-view segmentation task as a cross-view Object

Mask Matching (O-MaMa) problem. This novel approach exploits the high-quality

zero-shot segmentation capabilities exhibited by SAM [17, 95] to simplify the segmen-

tation problem. Figure 8.2 shows the architecture of our method. The goal of O-MaMa

is to select the object mask candidate in the destination view that matches the source

mask best. We first extract a set of object mask proposals in the destination view

using FastSAM [95], from which we compute object-level and contextual descriptors

with the Mask-Context Encoder (Section 8.3.3). We also include cross-view global
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features through a novel Ego↔Exo Cross Attention mechanism (Section 8.3.5). We

adopt a novel Mask Matching Contrastive Loss (Section 8.3.6) to learn view-invariant

features by minimizing the distance between paired samples and maximizing the dis-

tance between negative (unpaired) samples in a shared latent space. During training,

we enforce the model to learn more robust and discriminative object descriptors with

a Hard-Mining via Adjacent Neighbors (Section 8.3.4).

8.3.3 Mask-Context Encoder

We first generate a set of dense mask proposals in the destination view using FastSAM

[95], which segments intuitive regions of the scene, such as entire objects, object parts

or surfaces, with comparable quality to SAM [17], while being 50× faster. Specifically,

from the destination image, ID, we generate N mask candidates {Mn}Nn=1.

Then, we compute a descriptor of each mask segment. We leverage DINOv2 [16], a

self-supervised learning model, due to its high-level semantics, object decomposition ca-

pabilities and dense feature localization properties. We extract a local object descriptor

on = Avg-Pool(Mn, ψ(ID)) by pooling the corresponding object mask from the DI-

NOv2 feature map of the destination image, denoted as ψ(ID). Some studies suggest

[410–412] that humans leverage visual contextual associations among objects to repre-

sent scenes. Inspired by this, we extract a context descriptor cn = Avg-Pool(bn, ψ(ID))

by pooling features from an extended bounding box B around each mask. In both cases,

we upsample ×4 the DINOv2 feature map size in order to retain feature’s regions fine

granularity [413]. Similarly, we extract object oS and context embeddings cS of the

source mask MS in the other view.

8.3.4 Hard-Mining via Adjacent Neighbors

While the object embedding on contains very discriminative object features, the con-

text embedding cn incorporates surrounding information to help localizing the object

in the other view, but this surrounding context also introduces ambiguity in cluttered

environments, where nearby objects share a similar context. To address this, we in-

troduce a hard-negative mining strategy based on adjacent neighbors, encouraging the

model to disambiguate between nearby but distinct objects with similar context. In

the destination view, we construct a graph of mask segments based on the pixel centers

of each mask using the Delaunay Triangulation, as fig:hard negs shows. This results in

a binary adjacency matrix A ∈ {0, 1}N×N , defining the connectivity between segments.

We define N (on) to the set of neighbors of object on. Then, we take the second order

neighbor setN 2(on) = {N (oj) ∀oj ∈ N (on)}. Finally, we consider the joint set of first
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Figure 8.3: Examples of complex scenarios. The target object may appear on the
edges of the image, be partially occluded or be extremely small.

and second order neighbors as the hard negative candidates O−
n = {N (on)∪N 2(on)}.

8.3.5 Ego↔Exo Cross Attention

Although the mask context embedding incorporates surrounding contextual informa-

tion, it lacks a global representation across views. Therefore, we introduce a Ego↔Exo

Cross Attention mechanism, which enhances the object embedding by extracting its

corresponding semantic features in the other view. Specifically, we compute a cross

attention operation [14] between the candidate object masks on and the source image

feature map ψ(IS) as follows:

ôn = Softmax

(

onWQ · (ψ
(

IS
)

WK)⊤√
d

)

· ψ
(

IS
)

WV .

We compute query vectors from the candidate object descriptors on with a linear pro-

jection WQ, while key and value vectors represent the overall source image features

ψ(IS) using the WK and WV linear layers. Before the cross-attention operation, we in-

corporate a learnable positional embedding to encode the spatial location of the patch

tokens and a standard Layer Norm operation. Intuitively, the cross-view embedding

of the object-mask candidates ôn captures how each potential mask candidate is rep-

resented in the source view. Similarly, we compute the cross-view embedding of the

source mask ôS using the source mask descriptor oS for the queries and the overall

destination image features ψ(ID) for the keys and values.

8.3.6 Mask Matching Contrastive Loss

The final descriptor ρn is obtained from the n-th candidate mask by concatenating its

refined cross-view embedding ôn, the context embedding cn and the object embedding

on; while the final descriptor ρS of the source mask is the result of concatenating ôS,

cS and oS, respectively. Then, a shadow multi-layer perceptron fθ(x) ∈ R
df maps the
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Figure 8.4: Hard Negatives mining examples We visualize 2nd order adjacent
neighbors both in ego (left) and exo (right) scenarios.

cross-view embeddings to a latent feature representation, where df is the dimension of

the common feature space. This mapping ensures that both egocentric and exocentric

masks are embedded within a shared latent space, enabling a cross-view comparison.

Our contrastive loss is based on InfoNCE [414]. We select a batch B of |B| elements,

one positive and |B| − 1 negatives from the list of closest neighbors around the target

object in the other view O−
n as defined in Section 8.3.4. If the number of neighbors

is greater than the negative batch size, |O−
n | > |B| we randomly select a subset of |B|

elements from the neighbor set O−
n . If |O−

n | < |B| we also include masks from random

objects from the rest of the image. If the number of segmented objects is less than

the neighbor set O−
n , the objects are duplicated in order to fill the negative batch size

|B|. Finally, we apply the pairwise cosine similarity sim(·, ·) between the source mask

embedding fθ(ρS) and the batch of |B| mask candidates embeddings {fθ(ρn)}|B|n=1 for

computing the training loss:

LM(ρ+, ρS) = − log
exp(sim(fθ(ρ

+), fθ(ρS))/τ)
∑|B|

n=1 exp(sim(fθ(ρn), fθ(ρS))/τ)
,

where fθ(ρ
+) is the positive element in the batch. This mask matching contrastive loss

aligns the corresponding cross-view object embeddings while it separates the remaining

object candidates in the shared feature space.

8.3.7 Inference

At inference, we choose the object candidate whose embedding is closest to the source

object in the latent space,

Mn∗ , where n∗ = arg max(sim [fθ(ρn), fθ(ρS)]).

We use the source-destination similarity score to decide if the object is visible. Intu-

itively, if the object does not appear in the destination view, even the similarity of the
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closest object candidate should be low.

8.4 Experiments

8.4.1 Experimental Setup

Evaluation. Following the official Ego-Exo4D Correspondences benchmark [27], we

adopt the Intersection over Union (IoU) as the primary evaluation metric. We also

report the Visibility Accuracy (Vis.A) [415] to assess whether the model predicts when

an object is visible or occluded in the target view, the Contour Accuracy (Cont.A) [393]

to measure the similarity between predicted and ground-truth mask contours after

translation and the Location Error (Loc.E), which quantifies the normalized distance

between the predicted and ground-truth mask centroids.

Implementation details. We employ FastSAM [95] with default hyper-parameters

(0.9 IoU, 0.4 confidence score) to generate dense candidate masks in the destination

view. FastSAM achieves performance comparable to SAM [17] while being 50× faster

and utilizing just 68M parameters. For feature extraction, we use a DINOv2 [16] ViT-

B/14 model, which consists of 86M parameters. Our model is trained with the AdamW

optimizer [152] and an initial learning rate of 8·10−5 with cosine annealing scheduling.

We use a batch size of 24 image pairs, sampling 32 masks candidates in each destination

image during training. We conduct our experiments on two NVIDIA GeForce RTX

4090.

Training dataset. We use the novel Ego-Exo4D [27] dataset for our experiments.

Ego-Exo4D is a massive-scale multi-modal video dataset containing synchronized ego-

centric and exocentric recordings of human activities. Specifically, we consider the

Ego-Exo4D Correspondences set, which includes 1.8M synchronized object masks an-

notated at 1 FPS, covering 5.6K objects across 1335 unique videos and six different

activities (cooking, bike repair, health, music, basketball, and soccer).

8.4.2 Baselines Models

We compare our approach against the following baselines:

− XSegTx and XView-XMem are the official baselines [27]. XSegTx adapts an

image co-segmentation model [409], extended with a cross-view temporal memory

[416].

− CMX [417] is a transformer-based segmentation model that fuses two modalities.

We concatenate the query mask with the source image, and we adapt the decoder

to predict both visibility and the mask.
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Figure 8.5: RoMa success and failure cases. The extreme view variance makes that,
even SOTA methods in geometry matching like RoMa [2], fail in extracting matches.

− PSALM [400] combines a LLM with Mask2Former [392] to perform zero-shot

segmentation. ObjectRelator [365] trains PSALM with specialized cross-view

modules.

− k-Nearest Neighbors (k-NN). This is a näıve version of our approach. We

extract descriptors of the generated mask candidates in the destination view, and

we select the most similar to the query mask in the source view.

− Geometry Methods [2]. We restrict the k-NN search to only the masks that

satisfy the epipolar line restriction, in order to evaluate the geometrical con-

straints of traditional geometrical matching methods. We tried LightGlue [418]

using either SuperGlue [384] (43.8% success rate), SIFT [380] (42% success rate),

DISK [419] (31.2% success rate) or ALIKED [420] (40.2% success rate), and com-

pared them using RoMa [2] (67.60% success rate). Due to its more view variance

robustness, we select this last method to obtain the fundamental matrix and

transfer the mask centroid in the source view to its epipolar line in the destina-

tion view, and we discard those candidate masks further than a certain threshold

to the epipolar line.

8.4.3 Comparison with the State of the Art

Table 8.1 presents results on the EgoExo4D v2 Correspondences test set, demonstrating

the our approach’s effectiveness. Even our simplest version, the k-NN baseline, already

surpasses the official XMem+XSegTx, achieving 35.3 IoU in Ego2Exo and 34.8 IoU in
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Ego2Exo Num. Param. (M)

Method IoU↑ Vis.A↑ Loc.E↓ Cont.A↑ Total Train
PSALM (Zero-shot) 7.3 - 0.270 0.121 1587.1 0
CMX 6.8 92.8 0.110 0.137 138.0 17.3
XSegTx 18.9 66.3 0.070 0.386 12.1 3.6
XMem 19.3 64.4 0.151 0.262 62.2 62.2
XMem + XSegTx 34.9 66.8 0.038 0.559 75.6 67.1
Ours (k-NN baseline) 35.3 84.7 0.188 0.445 154.0 0
Ours (O-MaMa) 45.8 99.7 0.077 0.598 165.6 11.6

Exo2Ego Num. Param. (M)

Method IoU↑ Vis.A↑ Loc.E↓ Cont.A↑ Total Train
PSALM (Zero-shot) 2.1 - 0.290 0.058 1587.1 0
CMX 12.0 90.5 0.166 0.177 138.0 17.3
XSegTx 27.1 82.0 0.104 0.358 12.1 3.6
XMem 16.6 60.3 0.160 0.240 62.2 62.2
XMem + XSegTx 25.0 59.7 0.117 0.237 75.6 67.1
Ours (k-NN baseline) 34.8 87.6 0.182 0.400 154.0 0
Ours (O-MaMa) 48.6 91.7 0.103 0.563 165.6 11.6

Table 8.1: Results on the Ego-Exo4D Correspondences v2 test split.

Exo2Ego tasks. Our full method, O-MaMa, further improves performance, reaching

45.8 Ego2Exo and 48.6 Exo2Ego IoU, representing considerable relative gains1 of up

to +31.2% and +94.4% over XMem+XSegTx. The improvement is consistent in the

other metrics, where O-MaMa obtains 99.7 Vis.A, 0.077 Loc.E, 0.598 Cont.A in the

Ego2Exo task and 91.7 Vis.A, 0.103 Loc.E and 0.563 Cont.A in the Exo2Ego task.

As ObjectRelator [365] reports only results on the outdated EgoExo4D v1 Corre-

spondences validation split, we also show results in this split in Table 8.2. O-MaMa

also achieves the best performance, obtaining a 50.1 Ego2Exo IoU and 54.2 Exo2Ego

IoU, while requiring only 1% of the trainable parameters compared to [365]. The po-

tential of our approach is further demonstrated by comparing our k-NN baseline with

PSALM [400] in zero-shot inference. While PSALM achieves only 7.9 and 9.6 IoU in

the Ego2Exo and Exo2Ego tasks, respectively, our k-NN baseline scores 40.5 and 40.6

IoU while using approximately 10% of the total number of parameters. This highlights

the underlying challenges of the cross-view segmentation task and showcases that refor-

mulating the problem as an object mask matching task significantly boosts zero-shot

performance.

1We compute the relative gain% of x relative to y as 100 · (x−y

y
).
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Method
Ego2Exo

IoU
Exo2Exo

IoU
Total

Param.(M)
Train

Param.(M)
XSegTx 6.2 30.2 12.1 3.6
XMem 17.2 20.7 62.2 62.2
XMem + XSegTx 36.9 36.1 75.6 67.1
PSALM (zero-shot) 7.9 9.6 1587.1 0
PSALM (fine-tuned) 41.3 44.1 1587.1 1587.1
ObjectRelator 44.3 50.9 1587.3 1587.3
Ours (k-NN baseline) 40.5 40.6 154.0 0
Ours (O-MaMa) 50.1 54.2 165.6 11.6

Table 8.2: Ego-Exo4D Correspondences v1 val split results.

Ego2Exo

Exp. LM Context Adj. Neg C.Attn Global Union IoU↑ Vis.A↑ Loc.E↓ Cont.A ↑
Base. - - - - - 35.2 90.6 0.191 0.455

A ✓ - - - - 42.2 58.6 0.074 0.571
B ✓ ✓ - - Concat 42.7 78.8 0.069 0.577
C ✓ ✓ ✓ - Concat 46.9 88.3 0.079 0.599
D ✓ ✓ ✓ ✓ Weighted Sum. 47.3 83.4 0.064 0.611
E ✓ ✓ ✓ ✓ Concat 48.3 98.1 0.062 0.621

Relative Gain % of x with respect to y (x−y)
y

+37.2% +8.3% +67.5% +36.5%

Exo2Ego

Exp. LM Context Adj. Neg C.Attn Global Union IoU↑ Vis.A ↑ Loc.E↓ Cont.A↑
Base. - - - - - 34.9 94.3 0.163 0.423

A ✓ - - - - 44.7 80.8 0.112 0.546
B ✓ ✓ - - Concat 44.4 75.3 0.116 0.543
C ✓ ✓ ✓ - Concat 45.6 81.8 0.107 0.548
D ✓ ✓ ✓ ✓ Weighted Sum. 46.8 89.3 0.112 0.543
E ✓ ✓ ✓ ✓ Concat 49.6 98.8 0.101 0.576

Relative Gain % of x with respect to y (x−y)
y

+42.1% +5.1% +38.0% +36.2%

Table 8.3: Ablation study on the O-MaMa proposed modules on the valida-
tion set.

8.4.4 Ablation study.

O-MaMa architecture. Table 8.3 details the contribution of each O-MaMa compo-

nent. Experiment A highlights the benefits of training a simple MLP with our novel

Mask Matching Contrastive Loss LM , which aligns cross-view embeddings in a common

latent space and improves IoU from 35.2 to 42.2 (Ego2Exo) and 34.9 to 44.7 (Exo2Ego).

Second, Experiments A, B and C show that incorporating regional context is only ben-

eficial when we sample adjacent negatives during training, as the hard-mining strategy

forces the model to learn more fine-grained discriminative embeddings in nearby can-

didates with similar context but different mask descriptor. Next, our Ego↔Exo Cross

Attention mechanism introduces cross-image content and global information into the

object embedding, significantly improving Vis.A (98.1 Ego2Exo, 98.8 Exo2Ego). As
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Figure 8.6 shows, this module incorporates the object features from the other perspec-

tive, smoothing the cross-view alignment and improving the final performance. Finally,

the joined effect of all our proposed modules specially improves the Loc.E, with rela-

tive improvements of +67.5% (Ego2Exo) and +38.0% (Exo2Ego), which yields a final

gain of +37.2% Ego2Exo and +42.1% Exo2Ego IoU. This demonstrates that, while

the k-NN baseline is agnostic to the candidate mask location (it just selects the most

similar match), our proposed integration of local and global information results in an

object mask selection more sensitive to the cross-view relationship.

Mask Descriptors. Table 8.4 compares different pooling strategies for obtaining a

mask descriptor. The k-NN baseline, which relies solely on object semantic similarity,

shows that averaging DINOv2 upsampled features over mask pixels provides the best

results (35.2 and 34.9 IoU), as it retains the fine-grained object representation from the

dense DINOv2 feature map. This strategy outperforms CLIP-based descriptors (24.5

Ego2Exo and 23.9 Exo2Ego IoU), DINOv2 average pooling over the bounding box

(21.8 Ego2Exo and 21.2 Exo2Ego IoU) or DINOv2 mask centroid (25.6 Ego2Exo and

24.1 Exo2Ego IoU). Table 8.4 also reports that applying geometric constraints yields

a minor performance gain (35.2 vs. 35.4 Ego2Exo IoU, and 34.9 vs. 36.6 Exo2Ego

IoU when pooling DINOv2 mask features) due to the low success rate of camera pose

estimation methods. As Figure 8.5 shows, even RoMa [2] struggles with the high

viewpoint variance between ego and exo perspectives. This improvement is even less

significant when compared to learning view-invariant features with LM (35.2 vs. 42.2

Ego2Exo IoU and 34.9 vs. 44.7 Exo2Ego IoU), highlighting the need to extract stronger

visual cues.

Detailed performance per task and mask size. Figure 8.8 shows the IoU across

different scenarios in the Ego2Exo task, where O-MaMa outperforms XMem + XSeg-

Tx in most cases, including the challenging cooking and bike repair activities, which

involve cluttered environments and objects of multiple sizes. Figure 8.7 analyzes the

segmentation performance across the target mask sizes, showing that O-MaMa excels

in medium and large-size objects. However, it still struggles with very small objects,

as extracting a meaningful mask descriptor remains challenging.

8.4.5 Qualitative results

We show qualitative examples for the Ego2Exo (Figure 8.10) and Exo2Ego (Figure 8.9)

tasks. The results show that top mask candidates are closely aligned due to their similar

context, but our method correctly matches the top-1 mask candidate with the target

object. FastSAM’s fine-grained zero-shot capabilities yield high-quality segmentation

masks (e.g, the tire in Figure 8.10 and the knife or bottle in Figure 8.9). However, as a
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Ego2Exo

Method Geometry LM IoU↑ Vis.A↑ Loc.E↓ Cont.A↑
Max-Pool(b) DINOv2 [16]

✗ ✗ 5.8 97.6 0.306 0.119
✓ ✗ 6.9 97.4 0.302 0.132

Centroid(M) DINOv2 [16]
✗ ✗ 25.6 73.6 0.202 0.357
✓ ✗ 26.5 73.4 0.190 0.378

Avg-Pool(b) DINOv2 [16]
✗ ✗ 21.8 94.8 0.245 0.324
✓ ✗ 23.2 94.2 0.238 0.345
✗ ✓ 27.8 62.5 0.092 0.426

Avg-Pool(b) CLIP [243]
✗ ✗ 24.5 95.8 0.257 0.325
✓ ✗ 26.2 95.3 0.220 0.359
✗ ✓ 27.5 90.2 0.170 0.379

Avg-Pool(M) DINOv2 [16]
✗ ✗ 35.2 90.6 0.191 0.455
✓ ✗ 35.4 90.2 0.184 0.467
✗ ✓ 42.2 58.6 0.074 0.571

Exo2Ego

Method Geometry LM IoU↑ Vis.A↑ Loc.E↓ Cont.A↑
Max-Pool(b) DINOv2 [16]

✗ ✗ 17.8 97.2 0.216 0.253
✓ ✗ 20.2 96.9 0.210 0.278

Centroid(M) DINOv2 [16]
✗ ✗ 24.1 83.4 0.178 0.326
✓ ✗ 26.0 83.2 0.172 0.346

Avg-Pool(b) DINOv2 [16]
✗ ✗ 21.2 95.6 0.201 0.291
✓ ✗ 23.7 95.2 0.195 0.314
✗ ✓ 44.1 64.9 0.111 0.537

Avg-Pool(b) CLIP [243]
✗ ✗ 23.9 94.6 0.234 0.301
✓ ✗ 26.7 94.0 0.209 0.335
✗ ✓ 40.4 40.7 0.155 0.477

Avg-Pool(M) DINOv2 [16]
✗ ✗ 34.9 94.3 0.163 0.423
✓ ✗ 36.6 94.2 0.156 0.440
✗ ✓ 44.7 80.8 0.112 0.546

Table 8.4: Ablation study on the mask descriptors and the influence of learn-
ing and geometry constraints. We compare the effects of leveraging inferred camera
pose constraints or training a simple MLP with our LM , configuration that corresponds
to Exp.A in Table 8.3.
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Figure 8.6: Ego↔Exo Cross-Attention maps

Figure 8.7: Ego2Exo IoU performance
across different object sizes in the
destination view.

Figure 8.8: Per-task Ego2Exo IoU per-
formance.

limitation of our approach, they may produce partial segmentations when they capture

only a part of the object (e.g, the saucepan in Figure 8.10). Finally, the total inference

time of our approach is 250ms on average, of which 70ms correspond to the FastSAM

mask extraction.

8.5 Conclusions

In this work, we address the problem of ego-exo object correspondences, a key step for

multi-agent perception. We demonstrate that reformulating cross-view segmentation as

an object mask matching problem simplifies the task while improving accuracy under

zero-shot conditions. Our Mask Matching Contrastive Loss effectively aligns cross-view

embeddings, while DINOv2 pooled mask features preserve fine-grained details. The
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Figure 8.9: Exo2Ego Qualitative Results. We show the source mask in blue and
the top 3 target masks in green, yellow and orange.
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Figure 8.10: Ego2Exo Qualitative Results. For visualization purposes, we show
the top 3 masks in green, yellow and orange.
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proposed Hard Negative Adjacent Mining strategy enhances object differentiation, and

Ego↔Exo Cross Attention integrates global cross-view context. As a result, O-MaMa

achieves state of the art performance on the EgoExo4D Correspondences task while

using considerably fewer parameters, obtaining a unified fine-grained segmentation and

strong cross-view understanding.
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Chapter 9

Conclusions and Future Work

In this thesis, we have advanced egocentric perception by learning visual models of ob-

jects, environments, and affordances, complemented by multi-modal representations.

Regarding visual models of objects, we first extended Mask-RCNN [12] with intermedi-

ate sampling layers to support instance segmentation with uncertainty estimation. We

then adapted two popular object detection architectures—Faster-RCNN [290] and De-

tection Transformers (DETR) [85]—to the short term anticipation task. Specifically,

we introduced attention-based components that enable effective image-video fusion,

improving the spatial, temporal, and semantic understanding of the next interaction.

In learning visual models of environments, we first introduced a multi-label affor-

dance mapping, and demonstrated its potential to support embodied skills such as

task-oriented navigation. Then, we improved the robustness of environment functions

by exploiting the predictive distribution of a Bayesian neural network. Our approach

first regularizes observations by reducing the influence of overconfident outlier mea-

surements and incorporates epistemic uncertainty by obtaining a Dirichlet distribution

from the output of the Bayesian neural network. Next, we proposed learning environ-

ment representations using implicit functions, specifically through a decomposed neural

radiance field consisting of three components—persistent, dynamic, and actor—to bet-

ter model the inherent dynamics of egocentric videos. This representation was further

enriched with image-language and video-language feature fields, effectively capturing

affordances and enabling temporally consistent segmentation of dynamic objects.

Following, throughout all the thesis, we investigated the role of affordances for

improving detection, mapping, and forecasting tasks. We first improved detection

by learning both ungrounded and grounded affordance segmentation models, enabling

uncertainty quantification and multi-label segmentation, respectively. Then, we inte-

grated affordances into an environment representation, such as a point cloud, joining

the 3D geometry with activity-centric zones and showing its potential for task-oriented

navigation. Next, we presented different alternatives for grounding the predictions
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of a forecasting model in past observed human behavior by leveraging environment

affordances and interaction hotspots.

In the final section, we enhanced egocentric perception through the integration of

multi-modal representations. First, we aligned language with long, untrimmed ego-

centric videos by temporally localizing activities described in textual queries. To this

end, we introduced Bayesian-VSLNet, a test-time refinement strategy that incorpo-

rates temporal-order priors based on the sequential structure of the task steps. Second,

we reformulated the cross-view object segmentation task as an object mask matching

problem. The proposed model learns to segment an object from one viewpoint using

a query mask from another, effectively bridging first- and third-person perspectives at

the object level.

Returning to our motivational Figure 1.1, this thesis has presented a series of com-

puter vision algorithms that conceptually address the different situations depicted. For

instance, DIV-FF enables the creation of a spatial memory capable of recalling the lo-

cation of specific objects; STA-former++ anticipates user actions to prevent potential

errors while following a cooking recipe; and O-MaMa allows monitoring of body pose

by integrating egocentric and exocentric views.

The key contributions of this thesis are summarized as follows:

I. In Chapter 2, we extended affordance segmentation to a probabilistic framework

by extracting per-pixel estimation of both aleatoric and epistemic variance at spa-

tial and semantic levels, achieving state-of-the-art results in the IIT-Aff dataset.

II. We introduced a new Bayesian fusion method that exploits the uncertainty quan-

tification to increase the robustness of voxel-based semantic maps in Chapter 4.

III. To address the limitations of ungrounded affordance methods, we presented in

Chapter 3 a pipeline for automatically collecting multi-label, pixel-wise annota-

tions from real-world interactions, resulting in a novel dataset, EPIC-Aff. Then,

we adapted popular segmentation architectures to the multi-label setting and

proposed various heuristics for selecting multiple labels from the predicted prob-

ability vector.

IV. We presented multiple approaches for capturing environment affordances: a multi-

label point cloud representation in Chapter 3, a distilled video-language feature

field in Chapter 5, and a video-to-activity zone matching strategy in Chapter 6.

V. In Chapter 5, we adapted language-embedded feature fields to dynamic ego-

centric videos by decomposing the radiance and feature field representations into
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actor-centric, dynamic, and persistent components. This was complemented with

a robust image-language feature field that leveraged Segment Anything Model

(SAM)-derived object masks to achieve temporally consistent segmentation of

dynamic objects.

VI. We designed two principled architectures fully based on transformers for the

Short-Term object interaction Anticipation (STA) task in Chapter 6, achieving

state-of-the-art performance on the Ego4D validation splits [26] and on a newly

curated set of STA annotations for the EPIC-Kitchens dataset.

VII. In Chapter 6, we proposed three approaches to ground forecasting predictions

in human behavior: (1) late fusion of pre-computed environment affordances at

inference time, (2) integration of affordance information during training via an

attention mechanism, and (3) confidence re-weighting based on the location of

the object bounding box within interaction hotspot

VIII. We formulated a test-time refinement strategy for the Step Grounding task in

Chapter 7, which incorporates temporal-order priors into the predictions. This

effective refinement, guided by Bayes’ theorem, aligns predictions according to

the sequential order of steps, achieving state-of-the-art performance on the Step

Grounding Ego4D benchmark.

IX. We reformulated the cross-view segmentation problem as a cross-view object

mask matching task in Chapter 8. The proposed method integrates key com-

ponents—such as the Mask-Context Encoder, Hard Negative Adjacent Mining,

Ego↔Exo Cross Attention, and a Mask Matching Contrastive Loss—yielding sig-

nificant improvements over prior work and setting a new state of the art on the

Ego-Exo4D Object Correspondences benchmark, while requiring only 1 % of the

trainable parameters compared to the best-competing method.

Overall, the proposed methods achieved state-of-the-art performance on three offi-

cial benchmarks in egocentric perception: Short-Term Anticipation on Ego4D [26], Step

Grounding on Ego4D-Goal Step [3], and Object Correspondences on Ego-Exo4D [27].

In addition, we contributed with two novel datasets to the field of egocentric vision:

EPIC-Aff and a new set of curated labels on Epic-Kitchens for the short-term antici-

pation task. These efforts were further complemented by the design of four principled

architectures: STA-former, STA-former++, DIV-FF, and O-MaMa. These contribu-

tions have been presented at top-tier computer vision and robotics conferences, in-

cluding ICRA 2023 [111], IROS 2023 [102], ICCV 2023 [38], ECCV 2024 [232], CVPR
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2025 [421] and ICCV 2025, and have been further extended into three journal submis-

sions currently under review.

9.1 Future Work

While these contributions represent significant progress, they also open up several

promising and exciting directions for future research:

Active Visual Perception. The proposed Bayesian semantic mapping in Chapter 4

constitutes an intermediate step toward end-to-end active visual perception. In the con-

text of exploring an unseen environment, future navigation algorithms could leverage

the epistemic uncertainty encoded in the map to guide the agent toward ambiguous or

poorly modeled regions.

Exploiting environment representations. The environment representations pre-

sented from Chapters 3 to 5 exhibit certain limitations that suggest opportunities for

future research.

− Long-term memory. Currently, DIV-FF processes 1,000 sparsely sampled

frames from a 30-minute video, which is insufficient for modeling extended time

periods such as an entire day or week of continuous activity. Investigating scal-

able and memory-efficient mechanisms to retain long-term representations is a

promising direction of study.

− Revisiting environments. From a single egocentric video, DIV-FF captures

a function of the environment, the dynamic objects and the actor. However,

real-world environments are continuously revisited, offering new challenges and

opportunities. For example, could the persistent environment be leveraged to

construct a prior that guides the user when performing new tasks? How could

the environment function be updated with novel experiences while avoiding catas-

trophic forgetting?

− Multi-modal distillation. DIV-FF distills video-language (Ego-Video) and

image-language (CLIP) features, enabling the identification of actions and ob-

jects described through free-form language. However, humans also rely on au-

ditory cues to localize events in 3D space—for instance, associating the sound

of a ringing phone with its location. As modern wearable devices increasingly

incorporate microphones, future environment functions will likely integrate audio

signals into implicit feature fields.
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Video foundational models. Foundational models represent a promising direction

for learning robust and generalizable strong features across multiple tasks. In the

image domain, models such as DINO-v2 [16] have demonstrated strong performance

and emergent capabilities—such as object part recognition and implicit scene geom-

etry—by leveraging large-scale self-supervised training on 142 million images. In the

video domain, the recently proposed V-JEPA (Joint Embedding Prediction Architec-

ture) [18], trained in “only” 2 M videos, already outperforms previous approaches and

it is particularly effective in motion understanding, but its performance is still lim-

ited in capturing fine-grained action details. Scaling the pretraining video distribution

and incorporating multi-modal inputs represent promising directions toward a unified

architecture, which will enhance video understanding across a wide range of tasks.

Cross-environment object correspondences and cross-level action correspon-

dences. In Chapter 8, O-MaMa shows how to capture fine-grained object instance

correspondences across synchronized views. The natural next step is to extend this ca-

pability to non-synchronized videos recorded in different environments. For example,

the violin bow position of a professional violinist from an Internet video could be paired

from the egocentric viewpoint of a novice player. Following, another interesting future

research is the discovery of fine-grained cross-level action correspondences, even when

the execution quality differs significantly. Continuing with the violinist example, an

expert may perform smooth, precise bowing movements, while a beginner may produce

uneven or scratchy sounds. Identifying these action correspondences despite skill-level

disparities will facilitate effective knowledge transfer from expert demonstrations to

novice users, opening avenues for skill assessment using wearable devices.

Cooperative perception. The arrival of Ego-Exo4D [27] unlocked the multi-view

paradigm in egocentric perception, capturing a scene from a dynamic firs-person view

combined with multiple static third-person cameras. The next frontier is the devel-

opment of multi-agent egocentric perception—modeling scenarios in which multiple

individuals perform coordinated tasks with a common goal, such as in team sports,

professional kitchens, or the staging of a musical performance. Learning cooperative

egocentric models will require reasoning not only about each individual perspective,

but also about inter-agent dependencies and synchronized behavior, constituting a very

promising and exciting research direction.
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Conclusiones

En esta tesis, se ha avanzado la percepción egocéntrica mediante el aprendizaje de mod-

elos visuales de objetos, entornos y affordances, complementados con representaciones

multimodales.

En lo que respecta a los modelos visuales de objetos, en primer lugar se amplió

Mask-RCNN [12] incorporando capas intermedias de muestreo, lo que permitió re-

alizar segmentación de instancias con estimación de incertidumbre. Posteriormente, se

adaptaron dos arquitecturas populares de detección de objetos —Faster-RCNN [290] y

DETR [85]— para la tarea de anticipación a corto plazo. En concreto, se introdujeron

componentes basados en atención que facilitaron la fusión eficaz de imágenes y v́ıdeos,

mejorando aśı la comprensión espacial, temporal y semántica de las interacciones fu-

turas.

En el aprendizaje de modelos visuales de entornos, e primer lugar se presentó un

mapeado de affordances multi-etiqueta, demostrando su potencial para respaldar ha-

bilidades como la navegación orientada a tareas. A continuación, se mejoró la ro-

bustez de las funciones de representación del entorno mediante el aprovechamiento

de la distribución predictiva de una red neuronal bayesiana. Esta enfoque regulaba

las observaciones, reduciendo la influencia de mediciones at́ıpicas con excesiva confi-

anza e incorporó incertidumbre epistémica a través de la obtención de una distribución

de Dirichlet generada a partir de la salida de la red neuronal bayesiana. Posterior-

mente, se propuso el aprendizaje de representaciones del entorno mediante funciones

impĺıcitas, en particular a través de un campo neuronal de radiancia descompuesto en

tres componentes —persistente, dinámica y actor—, con el fin de modelar de forma

más precisa las dinámicas inherentes a los v́ıdeos egocéntricos. Dicha representación

se enriqueció además con campos de caracteŕısticas imagen-lenguaje y v́ıdeo-lenguaje,

lo que permitió capturar affordances de manera efectiva y lograr segmentaciones de

objetos dinámicos temporalmente coherentes.

A lo largo de la tesis, se ha investigado el papel de las affordances en la mejora

de las tareas de detección, mapeo y predicción. Primero, se mejoró la detección me-

diante el aprendizaje de modelos de segmentación de affordances, lo que permitió la
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cuantificación de la incertidumbre y la segmentación multi-etiqueta, respectivamente.

Posteriormente, se integraron las affordances en la representación del entorno usando

nubes de puntos que combinaban la geometŕıa 3D con zonas de actividad, demostrando

su utilidad para la navegación orientada a tareas. Asimismo, se presentaron diversas

estrategias para fundamentar las predicciones de los modelos de anticipación en el com-

portamiento humano previamente observado, aprovechando las affordances del entorno

y las zonas de interacción preferente (interaction hotspots).

En la sección final, se amplió la percepción egocéntrica mediante la integración

de representaciones multimodales. En primer lugar, se alineó el lenguaje con v́ıdeos

egocéntricos extensos y no segmentados, localizando temporalmente las actividades

descritas en consultas textuales. Para ello, se introdujo Bayesian-VSLNet, una es-

trategia de refinamiento que incorporaba información a priori sobre el orden temporal

en función de la estructura secuencial de los pasos de la tarea. En segundo lugar, se

reformuló la tarea de segmentación de objetos entre diferentes vistas (cross-view ob-

ject segmentation) como un problema de correspondencia de máscaras de objetos. El

modelo propuesto aprendió a segmentar un objeto desde una vista utilizando como

referencia una máscara procedente de otra vista, lo que permitió una integración eficaz

entre las perspectivas en primera y tercera persona a nivel de objeto.
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