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Abstract
Recent advances in deep learning have enabled remarkable progress in
automatic visual scene understanding, particularly for complex and dynamic
data such as videos. Despite strong performance on controlled benchmarks,
modern video understanding systems continue to struggle with a fundamental
property of intelligence: generalization. Their performance often degrades
under distribution shifts, ambiguous user inputs, or when transferred
to new tasks and domains. This thesis addresses these limitations by
investigating generalization in video understanding along three axes: visual
out-of-distribution (OOD) generalization, linguistic OOD generalization, and
efficient knowledge transferability.

First, Chapter 2 studies visual OOD generalization in Temporal Action
Localization (TAL), addressing the lack of generalization associated with
temporal features with visual domain shifts. We have demonstrated how
domain-specific models were prone to failing on new domains because they
relied on spurious correlations. To mitigate these effects and improve
performance, we introduce an adaptive learning method for action localization
within SADA, which aims at learning domain-invariant spatio-temporal
dynamics. Second, Chapter 3 addresses linguistic OOD generalization in
Video Moment Retrieval (VMR). We identify a significant gap between the
highly descriptive, caption-like queries commonly used during training and
the ambiguous, underspecified queries encountered in real user scenarios. We
formalize this linguistic generalization gap and propose a method to quantify
and mitigate it, enabling models to better generalize across diverse query
formulations. Finally, Chapter 4 focuses on knowledge transferability and
efficiency in video-language models. Given the high computational cost of
adapting large pretrained models, we introduce SDST, a parameter-efficient
fine-tuning framework that facilitates the effective reuse of pretrained video
representations for grounding tasks.

Beyond these core contributions, this thesis introduces new cross-domain
evaluation settings for temporal action understanding and proposes
benchmarking protocols to assess linguistic generalization in retrieval
tasks. Together, these contributions advance the state of the art in OOD
generalization and knowledge transferability, paving the way toward scalable,
robust, and linguistically flexible video understanding systems suitable for
real-world deployment.
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Resum
Els avenços recents en aprenentatge profund han permès un progrés notable en
la comprensió automàtica d’escenes visuals, especialment en dades complexes
i dinàmiques com els vídeos. Malgrat el seu bon rendiment en benchmarks
controlats, els sistemes moderns continuen tenint dificultats amb una propietat
fonamental de la intel·ligència: la generalització. El seu rendiment sovint
es degrada davant canvis en la distribució de les dades, queries ambigües o
quan es transfereixen a noves tasques i dominis. Aquesta tesi aborda aquestes
limitacions investigant la generalització en la comprensió de vídeos al llarg de
tres eixos: la generalització fora de distribució (OOD) visual, la lingüística i
la transferència eficient de coneixement.

En primer lloc, el Capítol 2 estudia la generalització OOD visual en Temporal
Action Localization (TAL), abordant la manca de generalització associada a
les característiques temporals sota canvis de domini visual. Demostrem que els
models específics de domini tendeixen a fallar en nous entorns a causa de la seva
dependència de correlacions espúries. Per mitigar aquests efectes i millorar el
rendiment, introduïm un mètode d’aprenentatge adaptatiu per a la localització
d’accions dins del framework SADA, amb l’objectiu d’aprendre dinàmiques
espai-temporals invariants al domini. El Capítol 3 aborda la generalització
OOD lingüística en Video Moment Retrieval (VMR). Identifiquem una bretxa
significativa entre les queries altament descriptives, utilitzades habitualment
durant l’entrenament, i les queries ambigües i subespecificades, més pròpies
d’escenaris reals d’ús. Formalitzem aquesta bretxa de generalització lingüística
i proposem un mètode per quantificar-la i mitigar-la, permetent que els models
generalitzin millor davant formulacions de queries diverses. Finalment, el
Capítol 4 es centra en la transferibilitat del coneixement i l’eficiència en models
visió-llenguatge (VLMs) per a vídeo. Donat l’elevat cost computacional
associat a l’adaptació de models pre-entrenats de gran escala, introduïm
SDST, un framework que facilita la reutilització efectiva de representacions
pre-entrenades per a tasques de grounding.

Més enllà d’aquestes contribucions principals, aquesta tesi introdueix nous
escenaris d’avaluació inter-domini per a la comprensió temporal d’accions i
proposa protocols de benchmarking per avaluar la generalització lingüística
en tasques de localització. En conjunt, aquestes aportacions avancen l’estat
de l’art en generalització fora de distribució i transferència de coneixement, i
obren el camí cap a sistemes de comprensió de vídeo escalables, robustos i
lingüísticament flexibles, adequats per al seu desplegament en entorns reals.
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Resumen
Los avances recientes en aprendizaje profundo han permitido un progreso
notable en la comprensión automática de escenas visuales, especialmente
en datos complejos como los vídeos. A pesar de su buen rendimiento en
benchmarks controlados, los sistemas modernos siguen teniendo dificultades
con una propiedad fundamental de la inteligencia: la generalización. Su
rendimiento suele degradarse ante cambios en la distribución de los datos,
o cuando se transfieren a nuevas tareas y dominios. Esta tesis aborda estas
limitaciones investigando la generalización en la comprensión de vídeos a lo
largo de tres ejes: la generalización fuera de distribución (OOD) visual, la
lingüística y la transferencia eficiente de conocimiento.

En primer lugar, el Capítulo 2 estudia la generalización OOD visual en
Temporal Action Localization (TAL), abordando la falta de generalización
asociada a las características temporales bajo cambios de dominio visual.
Demostramos que los modelos específicos de dominio tienden a fallar en nuevos
entornos debido a su dependencia de correlaciones espurias. Para mitigar
estos efectos y mejorar el rendimiento, introducimos un método de aprendizaje
adaptativo para la localización de acciones dentro del framework SADA para
aprender dinámicas espacio-temporales invariantes al dominio. El Capítulo 3
aborda la generalización OOD lingüística en Video Moment Retrieval (VMR).
Identificamos una brecha significativa entre las queries altamente descriptivas,
utilizadas habitualmente durante el entrenamiento y las queries ambiguas, mas
propias de escenarios reales de uso. En este capítulo formalizamos esta brecha
de generalización lingüística y proponemos un método para cuantificarla y
mitigarla, permitiendo que los modelos generalicen mejor ante formulaciones
de queries diversas. Por último, el Capítulo 4 se centra en la transferibilidad
del conocimiento y la eficiencia en modelos visión-lenguaje (VLMs) para
vídeos. Dado el elevado coste computacional asociado a la adaptación de
modelos pre-entrenados de gran escala, introducimos SDST, un framework
que facilita la reutilización efectiva de representaciones pre-entrenadas para
tareas de grounding.

Más allá de estas contribuciones principales, esta tesis introduce nuevos
escenarios de evaluación inter-dominio para la comprensión temporal de
acciones y propone protocolos de benchmarking para evaluar la generalización
lingüística en tareas como VMR.. En conjunto, estas aportaciones avanzan el
estado del arte en generalización fuera de distribución así como de transferencia
de conocimiento, allanando el camino hacia sistemas escalables, robustos y
lingüísticamente flexibles, adecuados para su despliegue en entornos reales.
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Chapter 1

Introduction

Generalization�the ability to reuse knowledge across tasks and
environments�is a de�ning property of human intelligence [8]. Humans
rarely learn from scratch; instead, they rapidly adapt prior experience to
new but related situations (see Fig. 1.1). A person who learns how to
throw a stone can immediately adapt to throwing a spear or throwing a
ball, transferring knowledge of force, trajectory, and coordination. Similarly,
in the visual domain, when humans learn to recognize a dog, they do so
independently of whether it is presented in a photograph, a cartoon, or
even a silhouette [7, 23]. This �exibility arises from the capacity to extract
invariant structures rather than memorizing appearance-speci�c traits [25,
15]. Such invariance emerges from neural plasticity and hierarchical sensory
processing shaped after millions of years of evolution [20, 46]. Neuroscienti�c
evidences [23, 30] show that the brain systematically builds representations
that are stable across transformations. These evidences also demonstrate its
ability to reuse neural circuits across tasks, particularly in hierarchical sensory
pathways such as the ventral visual stream [6, 23], which supports object
recognition across changes in illumination, viewpoint, and occlusion [10].
Biological cognition thus provides a compelling model of e�cient, robust, and
transferable generalization.

Inspired by these generalization capabilities of animals, humans have long
sought to replicate these mechanisms in arti�cial intelligence systems. Early
approaches to arti�cial intelligence�particularly symbolic and rule-based
systems developed in the mid-20th century [3]� relied on hand-crafted
abstractions that proved limited when faced with even minor deviations
from the assumptions encoded during design or training [113]. These
limitations became especially apparent after the emergence of computer
vision, where early systems struggled to cope with the variability inherent
in real-world visual data [12]. The rise of deep learning marked an
important paradigm shift. Convolutional Neural Networks (CNNs) [11],
inspired by the hierarchical organization of the visual cortex [4], enabled
data-driven learning of multi-level representations directly from raw sensory
input [24]. Rather than relying on manually engineered features, these
models automatically learn task-relevant representations from data, leading

5



6

to considerable improvements across a wide range of visual recognition
tasks [118]. More recently, Transformer-based architectures [68], originally
designed for sequence modeling in language, have extended this paradigm
to both vision and multi-modal domains. By leveraging self-attention
mechanisms, Transformers capture long-range dependencies and global context
more e�ectively than convolutional operations, enabling models to learn richer,
more �exible representations that can transfer across tasks, modalities, and
domains.

These advances naturally extended to video understanding. By incorporating
temporal modeling through recurrent neural networks [33], temporal
convolutions [67], and later Transformer-based architectures [68, 108], modern
systems achieved strong performance in tasks such as action recognition [50],
temporal segmentation [59], event detection [43], and video captioning [37].
Among these, the ability to search and retrieve speci�c moments from large
video collections has become increasingly important. This task, known as
Video Moment Retrieval (VMR) [47, 53], requires localizing the temporal
segment in a video that corresponds to a natural language query. VMR,
thus, lies at the intersection of visual perception, temporal reasoning, and
language understanding, laying a considerably potential in applications such
as large-scale content indexing [35], video moderation [64], surveillance
analysis [82], assistive technologies, and media retrieval [198] (see Fig. 1). A
closely related task, Temporal Action Localization (TAL) [43, 89], removes the
linguistic component of VMR, simplifying the open-ended textual queries to
a prede�ned set of action categories�e.g., abnormal behavior for surveillance
applications, or inappropriate content for content moderation. While less
expressive, TAL provides a more controlled setting that avoids the open
challenges associated with vision�language alignment, allowing the study of
visual-temporal generalization in isolation.

Despite their empirical success, modern deep learning models exhibit persistent
generalization failures. Performance often degrades signi�cantly when
deployment conditions di�er from those observed during training, even if such
changes may appear super�cial to humans [22, 113]. This issue is already well
documented in image-based models [76], where systems are known to rely on
dataset-speci�c cues such as background textures, color statistics, or object
co-occurrences rather than semantic content [42]. In video understanding,
these limitations become signi�cantly more pronounced due to additional
sources of variability. Videos introduce long-range temporal dependencies [9],
persistent background, camera motion and viewpoint changes [71], or an
intrinsic ambiguity in action boundaries and annotations [32, 171]. As a
consequence, optimizing the corresponding complex objectives often leads
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Figure 1.1: The role of generalization, presented in various ways, is key
to explain human intelligence. For instance, allowing the men in the
paleolithic to rapidly generalize the principles of �throwing a spear� to that
of �throwing stones� (top). From a more visual perspective, humans are able
to e�ectively interact with the environment by relying on domain invariant
visual representations. This enables a robust generalization, for instance
across dog shapes, silhouettes, backgrounds, etc (bottom). Images source:
ChatGPT5.2.

models to the exploit of spurious correlations�such as background motion,
camera dynamics, or �lming style� rather than the underlying causal
structure of actions [38]. For example, a system trained on indoor surveillance
footage may fail outdoors due to changes in lighting and scene layout, or a
model trained on a third person perspective may fail with egocentric videos [75].
Addressing these failures is essential for deploying reliable video systems in
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Figure 1.2: Illustration of di�erent applications that could potentially bene�t
from highly generalizable video search and retrieval systems, including video
indexing (top left), content moderation (top right), surveillance and security
systems (bottom left) or assistive technologies (bottom right). Image source:
ChatGPT5.2.

real-world and safety-critical settings, including human�robot interaction [41],
healthcare [87], and intelligent surveillance, where incorrect predictions can
lead to signi�cant consequences.

These challenges motive this thesis, which focuses on addressing generalization
limitations in video understanding, with particular emphasis on video
search and retrieval. Generalization, however, is a multifaceted concept
that encompasses several distinct but interrelated challenges. Following
the literature [85, 97], this thesis frames generalization along various
dimensions, with a particular focus on Out-of-Distribution (OOD)
Generalization [113] and Knowledge Transferability [18, 103]. OOD
generalization concerns a model's ability to maintain performance when the
test distribution di�ers structurally from the training distribution [16]. Or in
other words, focusing on generalization to other environments within the same
task. In the context of video search and retrieval, such shifts may arise from
changes in visual appearance�e.g., domain, environment, camera viewpoint,
or recording conditions� or from shifts in the linguistic modality�where user
queries may be more ambiguous or under-speci�ed compared to the curated
training captions� [171]. Robust OOD generalization therefore requires
learning representations that capture task-relevant invariances across both
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visual and linguistic dimensions, rather than over�tting to dataset-speci�c
traits [15].

Knowledge transferability addresses another aspect of generalization, which
can be thought of as generalization to other tasks. More speci�cally, instead
of focusing on robustness to distributional shifts (OOD generalization),
this concerns to how e�ectively the knowledge extracted by large-scale
pretraining�e.g., CLIP [118], BLIP [130]� can be reused and adapted to
new downstream tasks with limited additional supervision [31]. This property
is particularly important in video understanding, where collecting densely
annotated data is expensive and often infeasible. Models that exhibit strong
transferability can leverage pre-trained visual or multi-modal representations
to support new tasks, or datasets e�ciently, enabling scalable and sustainable
deployment.

Accordingly, this thesis investigates robust video search and retrieval along
three technical axes:

ˆ Visual OOD Generalization: How can models learn temporal
representations that remain stable across environments, viewpoints, and
recording conditions? (Chapter 2)

ˆ Linguistic OOD Generalization: How can models mitigate biases in
textual queries, preventing linguistic ambiguity from degrading the overall
performance on realistic search and retrieval scenarios?(Chapter 3)

ˆ Knowledge Transferability: How can existing video representations
be reused e�ciently to support new tasks with minimal additional
supervision? (Chapter 4)

Goal of this thesis: Overall, the goal of this thesis is to enable models to
not merely match the patterns and traits of the data seen during training, but
rather to extract patterns and knowledge that naturally generalize to diverse
environments and contexts, as well as constituting an e�ective knowledge
base that allow the rapid learning of new tasks, similarly to what humans do.

With this goal in sight, in this thesis we propose three models that address
di�erent aspects of generalization and transferability in the context of video
understanding. Concretely, these focus on improving the robustness to
di�erent visual domain shifts, mitigating existing linguistic biases, and
e�ciently transferring the knowledge extracted by large-scale VLMs for
di�erent video understanding tasks such as VMR. Concretely, in Chapter 2
we introduce a model that leverages a semantic adversarial domain adaptation
framework to learn domain invariant video representations, allowing a robust
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generalization to new unseen environments. In Chapter 3 we identify a
critical linguistic bias in existing video-moment grounding datasets, stemming
for their reliance on full captions as textual queries. To address this, we
propose a semi-automatic pipeline to generate more realistic, potentially
under-speci�ed textual queries, and introduce a method that mitigates such
linguistic biases, demonstrating improved grounding capabilities under such
more realistic scenarios. Finally, in Chapter 4, we focus on the transferability
of vision-language features to e�ciently learn related tasks. We propose
a lightweight �ne-tuning mechanism for large-scale VLMs, enhancing their
ability to generalize when only a limited number of training samples are
available.

1.1 Contributions and thesis outline

This thesis is organized into four chapters. The �rst three chapters
introduce the core contributions while the �nal chapter summarizes the main
contributions of this thesis, discussing their main limitations, introducing
various potential future research lines, and discussing di�erent ethical and
economical implications. Below we brie�y summarize each of the chapters:

ˆ Chapter 2 - SADA: Semantic Adversarial Domain Adaptation:
TAL is a complex task that poses relevant challenges, particularly
when attempting to generalize on new�unseen� domains in real-world
applications. These scenarios, despite realistic, are often neglected
in the literature, exposing these solutions to important performance
degradation. In this work, we tackle this issue by introducing, for the �rst
time, an approach for Unsupervised Domain Adaptation (UDA) in sparse
TAL, which we refer to as Semantic Adversarial unsupervised Domain
Adaptation (SADA). Our contributions in this chapter threefold: (1) we
pioneer the development of a domain adaptation model that operates
on realistic sparse action detection benchmarks; (2) we tackle the
limitations of global-distribution alignment techniques by introducing
a novel adversarial loss that is sensitive to local class distributions,
ensuring �ner-grained adaptation; and (3) we present a novel set of
benchmarks based on EpicKitchens100 and CharadesEgo, that evaluate
multiple domain shifts in a comprehensive manner.

ˆ Chapter 3 - Beyond Caption-based Queries: Current VMR
models are trained on videos paired with captions, which are written
by annotators after watching the videos. These captions are used
as textual queries�which we term caption-based queries. This
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annotation process induces a visual bias, leading to overly descriptive
and �ne-grained queries, which signi�cantly di�er from the more general
search queries that users are likely to employ in practice. In this work,
we investigate the degradation of existing VMR methods, particularly
of DETR architectures, when trained on caption-based queries but
evaluated on search queries. For this, we introduce three benchmarks
by modifying the textual queries in three public VMR datasets�i.e.,
HD-EPIC, YouCook2 and ActivityNet-Captions. Our analysis reveals
two key generalization challenges: (1) A language gap, arising from the
linguistic under-speci�cation of search queries, and (2) a multi-moment
gap, caused by the shift from single-moment to multi-moment queries.
We also identify a critical issue in these architectures�an active
decoder-query collapse�as a primary cause of the poor generalization
to multi-moment instances. We mitigate this issue with architectural
modi�cations that e�ectively increase the number of active decoder
queries.

ˆ Chapter 4 - SDST: Sparse-Dense Side-Tuning: VMR often
involves both Moment Retrieval (MR) and Highlight Detection
(HD) based on textual queries. For this, most methods rely
solely on �nal-layer features of frozen large pre-trained backbones,
limiting their adaptability to new domains. While full �ne-tuning
is often impractical, parameter-e�cient �ne-tuning�and particularly
side-tuning (ST)�has emerged as an e�ective alternative. However,
prior ST approaches this problem from a frame-level re�nement
perspective, overlooking the inherent sparse nature of MR. To
address this, we propose the Sparse-Dense Side-Tuner (SDST), the
�rst anchor-free ST architecture for VMR. We also introduce the
Reference-based Deformable Self-Attention, a novel mechanism that
enhances the context modeling of the deformable attention�a key
limitation of existing anchor-free methods. Additionally, we present
the �rst e�ective integration of InternVideo2 backbone into an ST
framework, showing its profound implications in performance.

More speci�cally, Chapters 2, 4 present and discuss the contributions and
�ndings of two papers published in the main track of top-tier computer vision
venues (WACV 2025, ICCV 2025).

ˆ David Pujol-Perich , Albert Clapés, and Sergio Escalera. "SADA:
Semantic adversarial unsupervised domain adaptation for Temporal
Action Localization." 2025 IEEE/CVF Winter Conference on
Applications of Computer Vision (WACV). IEEE, 2025.
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ˆ David Pujol-Perich , Sergio Escalera, and Albert Clapés. "Sparse-dense
side-tuner for e�cient video temporal grounding." Proceedings of the
IEEE/CVF International Conference on Computer Vision. 2025.

Moreover, Chapter 3 corresponds to the contributions and �ndings of the
paper Beyond Caption-Based Queries for Video Moment Retrieval, resulting
from a collaboration with Prof. Dima Damen and Dr. Michael Wray from
the University of Bristol, along with Prof. Sergio Escalera and Dr. Albert
Clapés. This work is currently under review at CVPR 2025.



Chapter 2

SADA: Semantic adversarial
unsupervised domain adaptation
for Temporal Action Localization

As discussed in the previous chapter, building Video Understanding
models that remain robust under visual domain shifts is essential for
deployable deep learning systems. In real-world applications, videos are
recorded under changing conditions�e.g., di�erent backgrounds, lighting, or
viewpoints� which can signi�cantly degrade performance if models over�t
to domain-speci�c traits. Addressing this challenge requires extracting
representations that are invariant to super�cial details while still capturing
the underlying temporal dynamics.

In this chapter, we explore this idea by proposing a domain adaptation
framework for Temporal Action Localization that performs semantics-informed
adversarial alignment. To the best of our knowledge, at the time of this writing,
this constituted the �rst method speci�cally designed for domain adaptation
on this task. Our approach aligns features across domains while respecting
the semantics of each of the actions, resulting in a more robust performance
when transferring from one domain to another.

2.1 Introduction

Recent advances in the �eld of video understanding have played a critical
role in the surge of novel video-based applications� e.g., video indexing,
summarization or recommendation. A critical task of this �eld is Temporal
Action Localization (TAL), which involves identifying actions in a video
consisting of both their time intervals and action categories. This is
particularly di�cult given the inherent variabilities of videos. These can be
presented, among others, in the form of appearance variability� e.g., di�erent
kitchens and/or lighting conditions�, acquisition variability� e.g., di�erent
recording devices� or viewpoint variability� e.g., �rst- or third-person. All

13
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Figure 2.1: Illustration of the di�erences between the two most similar
domain-adaptation methods [39, 83], and our proposal, SADA. For this, we
present a simple scenario with various anchor embeddings of di�erent actions
(identi�ed by shapes) and domains (identi�ed by colors). In this scenario, [39]
(upper row) aligns embeddings in a class-agnostic manner, making it liable
to aligning domain embeddings of unmatching action labels. [83] (middle
row) computes class-wise mean centroids, and aligns them across domains,
but as shown, minimizing their distance does not yield a proper adaptation.
SADA (last row) improves [39] by aligning class-wise distributions, yielding
the correct alignment by not aligning unmatching anchors.

these prompt a certain degree of confusion between similar actions to be
discriminated.

Traditionally, fully supervised methods attempt to address this issue by
leveraging enough training data to cover all the possible sources of variability.
Unfortunately, this becomes virtually impossible when dealing with realistic
scenarios. This compels these methods to operate under the in�uence of
unseen data variations� i.e., domain gaps�, which exposes them to a
considerable decline in performance. Overcoming this typically involves
relabeling data from the new domain, so as to retrain and adapt the model.
Unfortunately, this approach is impractical due to the considerable time and
resource consumption involved, a challenge exacerbated when dealing with
high-dimensional inputs like videos.

Unsupervised Domain Adaptation (UDA) has recently become a hot
topic given its potential to leverage unlabelled data to mitigate this
domain-induced degradation [34, 63, 151]. Despite its considerable success



2.1 Introduction 15

in image-based tasks [52] the application of UDA to video understanding
remains underexplored. In fact, to the best of our knowledge, no prior
work addresses UDA for TAL setups. The closest proposal is SSTDA [95],
which approaches the problem of action segmentation. This focuses on
making per-frame action predictions (i.e., dense TAL), tackling datasets
where no concurrent actions take place [21, 27]. This approach inevitably
requires additional smoothing techniques to preserve temporal coherence.
This motivates the focus of this chapter on the more general sparse TAL
problem�i.e., segment-level predictions� avoiding the need for additional
losses, while intrinsically adapting to multi-label scenarios.

Consequently, in this chapter, we propose the �rst UDA method for
sparse multi-label detection on TAL, which we name Semantic Adversarial
unsupervised Domain Adaptation, or SADA for short. Concretely, our
proposal speci�cally builds upon an anchor-based architecture given their
recent success on sparse TAL [144, 167]. Thus, our goal is to minimize the
discrepancy between anchor representations of a labeled source domain and an
unlabelled target domain. These anchors are extracted with a multi-resolution
architecture [167] that we couple with a novel adversarial loss that improves
the limitations of existing UDA works. Concretely, existing works normally
align domain distributions globally [34], applying adversarial methods on
the feature embeddings regardless of the action class they represent. As we
will show, the coarse alignment of anchors of di�erent action classes with
even background (no-action) anchors can hurt performance. We propose
instead to �rst use pseudo-labeling [158] to assign an action or background
class to each anchor representation. With this, we can factorize the global
alignment loss [34] into independent per-class and background distribution
alignments. This results in a more sensitive alignment strategy, less prone to
semantic feature misalignment� i.e., semantically meaningless alignments
across domains� and as we will show, better performing.

Assessing the e�ectiveness of UDA methods for video understanding
is a challenging, still unresolved task. Existing proposals on action
segmentation [95] follow a subject-based strategy where they aim to adapt a
model to new unseen subjects. Here we refer to subject as a person appearing
in a video. Nevertheless, little data is normally available from a single subject,
which inevitably requires grouping several of them for training. This allows
the model to generalize over the subject variability under study, making it
unsuitable for domain adaptation. To address these limitations, we draw
inspiration from the work of [146] on action recognition and investigate
the impact of viewpoint domain shifts on sparse TAL in CharadesEgo [81].
However, we contend that a more comprehensive evaluation necessitates
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setups with more controllable shifts. For this, we also propose a suite of 6
new setups based on EpicKitchens100 [126] which study the e�ect appearance
and acquisition domain shifts. These benchmarks demonstrate that SADA
mitigates the performance degradation, improving by a large margin the
existing fully supervised (namely source-only) and UDA-based proposals. In
short, our main contributions are:

1. We propose for the �rst time an UDA method suitable for sparse
detection scenarios on TAL.

2. We introduce a novel adversarial loss that factorizes standard global
alignment into independent class- and background-wise alignments (see
Fig. 2.1).

3. We present new benchmarks to test sparse detection scenarios when
facing 7 di�erent domain shifts, improving the state-of-the-art in all of
them.

2.2 Related work

Temporal Action Localization. At the time of this writing, most of the
literature on the task of Temporal Action Localization follows a traditional
source-only approach. In other words, they restrict the models' visibility
solely to a training domain, while other domains seen during testing are not
available. These works can be categorized as follows: (1) Anchor-based
methods [49, 72, 111, 112, 117, 120, 144, 167] propose a two-stage pipeline,
consisting of a proposal generation and classi�cation. The �rst applies
heuristic methods�e.g., uniform sampling [49, 144] or action boundaries'
grouping [70, 104]� to generate a dense set of proposals�i.e., temporal
segments. In the second stage, they leverage a learnable classi�er to predict
the corresponding action class and localization o�sets of every anchor. Our
work falls into this category motivated by the recent success of these methods
achieving state-of-the-art results in many TAL benchmarks [55, 92, 126]. (2)
Anchor-free methods [65, 60, 112, 69] avoid this two-stage approach making
per-frame predictions of their corresponding action labels. These methods,
however, often su�er from a tendency towards over-segmentation given the
potential discrepancy between neighboring frames. Consequently, they require
often complex smoothing techniques to improve the boundary predictions [95].
(3) Query-based methods [121, 114, 133] recently emerged as an alternative
paradigm that follows the principles presented by [94]. This approach exploits
the use of a Transformer encoder-decoder architecture [68] to learn a �xed
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small set of queries given re�ned video features, each identifying one potential
action segment. Intuitively, this results in a non-heuristic-based proposal
generation. This comes with the limitation of an increased rigidity, as the
number of proposals needs to be �xed beforehand.

Unsupervised Domain Adaptation. Domain Adaptation techniques
emerge as an e�ective solution to bridge the gap between data collected
from a source and a target distribution, respectively. A large suite of
approaches has been proposed to perform this alignment between labeled
and unlabeled domains� e.g., discrepancy minimization [57, 142] or entropy
minimization [13, 124]. Arguably, nowadays the most popular approach
is based on adversarial training [34, 66, 109, 153, 151]. These learn
domain-invariant embeddings [96] by training in a min-max fashion a domain
classi�er to discern if samples come from the source or the target domain.
Despite convenient, the simplicity of these methods often degrade the quality
of the alignment [158], as they potentially align embeddings of source and
target domain that represent di�erent semantic information� e.g., di�erent
class labels. Few works have been proposed to do this alignment in a more
sensitive way [158]. Works like [83, 153], for instance, reduce the distance of
per-class centroids, normally computed as the mean feature embeddings of
a given class. Its e�ectiveness, however, relies on the assumption that the
data is distributed somewhat homogeneously around the center, as otherwise,
the centroids are not necessarily meaningful. In our work, we couple the
advantages of both adversarial domain adaptation and semantic alignment
and propose for the �rst time a pure adversarial semantic loss that yields
domain invariant representations in a semantically meaningful way, without
making explicit assumptions of the distributions (see Fig. 2.1).

Unsupervised Domain Adaptation for TAL. Despite the considerable
success of UDA methods, their applicability has been mostly restricted to
image-based scenarios such as image classi�cation [54, 34, 36, 63] or object
detection [74, 164]. Much less attention has been dedicated to video-based
applications such as action recognition [86, 77, 102] or spatio-temporal action
segmentation [93, 161]. To the best of our knowledge, at the time of this
writing, there is no direct comparison with our work focusing on UDA for
sparse TAL. The closest work is SSTDA [95] that applies UDA for Action
Segmentation. SSTDA proposes the use of two global-distribution-based
auxiliary tasks to jointly align cross-domain feature spaces. Unlike our
proposal, their work falls into the category of anchor-free, making per-frame
action predictions. This restricts its applicability to action segmentation
scenarios, where current datasets [21, 27] are designed to deal with frame-based
single-action classi�cation. In our work, we overcome this limitation by
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