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A B ST R AC T

Deep learning has advanced human activity recognition, enabling applications from
healthcare to assistive robotics. Yet, the success of systems hinges on large-scale recordings
of people in real environments, raising privacy concerns and failing to deliver diversity
needed for robust deployment. When examining datasets and training pipelines, four
limitations become apparent: (1) staged recordings are expensive, restricting scale and
motivating a shift to web-sourced video; (2) social media data is strongly biased toward
shareable content, omitting sensitive, mundane, or unflattering activities that are relevant
in practice; (3) individuals appearing in such recordings rarely provide informed con-
sent for machine learning use; and (4) data collection cannot keep pace with advances in
compute, pushing the field toward a data-scarce regime where architectures cannot be
exploited. This raises the question: can synthetic data serve not merely as a surrogate but
as a principled tool to overcome limitations of data collected from the real world?

This thesis investigates synthetic data as a foundation for activity recognition along
three directions. First, to study the synthetic-to-real domain gap, we introduce a bench-
mark pairing synthetic data from a life simulation game with real-world evaluation. Our
analysis reveals performance degradation when models trained on synthetic videos are
confronted with deployment conditions. To address this, we explore strategies: domain
adaptation methods that calibrate model predictions to target distributions and multi-
modal domain generation synthesizing diverse new modalities without direct access to
the target domain. Together, these methods improve cross-domain robustness.

Second, we leverage parametric human body models for controllable large-scale ren-
dering of activities. These models enable manipulation of pose, shape, viewpoint, and
environment, yielding synthetic datasets that transfer to real benchmarks. By coupling
parametric avatars with biomechanical simulation, we generate physiological quantities
such as joint torques and muscle activations that are invisible to cameras. This opens
up new research directions for estimating physical effort, injury risk, or rehabilitation-
relevant quantities from vision, where large-scale measurement is infeasible.

Third, we target deployment scenarios where real data collection faces ethical and
practical barriers, such as fall detection for elderly individuals. We show that synthetic
fall videos with variation in demographics, body types, and environments can outperform
real staged data when evaluated on accident datasets, challenging the assumption that
synthetic data is inferior to real recordings. To enable privacy-preserving deployment, we
develop anonymization methods that protect individuals and living spaces by combining
avatar-based replacement of subjects with privacy mechanisms for background regions.

Overall, this thesis demonstrates that synthetic data can induce severe domain gaps
and limit performance, but considering more advanced data generation methods it can
also rival and even exceed real recordings. By providing controllability, demographic
diversity, and privacy, synthetic data emerges as a central tool for building robust, ethically
acceptable, and practically deployable human activity recognition systems.
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Z U SA M M E N FA S S U NG

Deep Learning hat die Erkennung menschlicher Aktivitäten erheblich vorangebracht
und Anwendungen von der Gesundheitsüberwachung bis zur assistiven Robotik er-
möglicht. Der Erfolg heutiger Systeme beruht jedoch auf umfangreichen Aufnahmen
realer Personen in realen Umgebungen, die gravierende Datenschutzbedenken aufwerfen
und dennoch nicht die Vielfalt bieten, die für einen robusten Einsatz erforderlich wäre.
Bei der Analyse bestehender Datensätze und Trainingspipelines treten vier zentrale Ein-
schränkungen zutage: (1) Gestellte Aufnahmen sind kostspielig und logistisch aufwendig,
was den Umfang begrenzt und den Einsatz webbasierten Videomaterials motiviert; (2)
Daten aus sozialen Medien sind stark auf teilbare Inhalte verzerrt und blenden sensible,
alltägliche oder unvorteilhafte Aktivitäten aus, die in der Praxis häufig besonders relevant
sind; (3) die in solchen Aufnahmen gezeigten Personen erteilen nur selten eine informierte
Einwilligung zur nachgelagerten Nutzung in Machine-Learning-Systemen; und (4) die
Datenerhebung hält nicht mit den Fortschritten in Rechenleistung und Modellkapazität
Schritt, sodass das Feld in ein absehbares Regime der Datenknappheit gedrängt wird,
in dem verbesserte Architekturen nicht voll ausgeschöpft werden können. Daraus ergibt
sich die grundlegende Frage, ob synthetische Datengenerierung nicht nur als Ersatz für
reale Aufnahmen dienen kann, sondern als prinzipielles Werkzeug, um Einschränkungen
zu überwinden, die mit realer Datenerhebung nicht lösbar sind.

Diese Dissertation untersucht synthetische Daten als systematische Grundlage für die
menschliche Aktivitätserkennung entlang dreier Forschungsrichtungen. Erstens führen
wir zur rigorosen Untersuchung der Synthetic-to-Real-Domänenlücke einen Bench-
mark ein, der synthetische Daten aus einem Lebenssimulationsspiel mit realweltlicher
Evaluierung verknüpft. Unsere Analyse zeigt erhebliche Leistungseinbußen, wenn Mod-
elle, die ausschließlich auf synthetischen Videos trainiert wurden, mit realen Einsatzbe-
dingungen konfrontiert werden. Um dem zu begegnen, untersuchen wir komplementäre
Strategien: Domänenanpassungsmethoden, die Modellvorhersagen an Zielverteilungen
kalibrieren, sowie multimodale Domänengenerierung, die vielfältige neue Modalitäten
synthetisiert, ohne direkten Zugriff auf die Ziel-Domäne zu benötigen. Zusammengenom-
men steigern diese Ansätze die Robustheit gegenüber Domänenverschiebungen deutlich.

Zweitens nutzen wir parametrische menschliche Körpermodelle für kontrollierbares,
umfangreiches Rendering menschlicher Aktivitäten. Diese Modelle ermöglichen eine
präzise Steuerung von Pose, Körperform, Kameraperspektive und Umgebung und erzeu-
gen synthetische Datensätze, die sich effektiv auf reale Benchmarks übertragen lassen.
Durch die Kopplung parametrischer Avatare mit biomechanischer Simulation generieren
wir zudem latente physiologische Größen wie Muskelaktivierungen, die für Kameras
unsichtbar sind. Dies eröffnet neue Forschungsrichtungen zur Schätzung körperlicher
Belastung, Verletzungsrisiko oder rehabilitationsrelevanter Größen aus visuellen Daten.

Drittens adressieren wir Einsatzszenarien, in denen reale Datenerhebung auf grundle-
gende ethische und praktische Hürden stößt, etwa bei der Sturzerkennung für ältere
Menschen. Wir zeigen, dass synthetische Sturzvideos mit systematischer Variation in
Demografie, Körpertypen und Umgebungen reale gestellte Daten übertreffen können,
wenn sie auf Datensätzen mit echten Unfällen evaluiert werden, und damit die verbre-
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itete Annahme in Frage stellen, synthetische Daten seien realen Aufnahmen grundsät-
zlich unterlegen. Um einen datenschutzwahrenden Einsatz in sensiblen Kontexten zu
ermöglichen, entwickeln wir Anonymisierungsmethoden, die sowohl Personen als auch
ihre Wohnumgebungen schützen, indem sie avatarbasierte Ersetzungen der Probanden
mit selektiven Privacy-Mechanismen für Hintergrundbereiche kombinieren.

Insgesamt zeigt diese Dissertation, dass sorgfältig entworfene synthetische Daten realen
Aufnahmen ebenbürtig sein und sie in entscheidenden Dimensionen sogar übertreffen
können. Durch Kontrollierbarkeit, demografische Vielfalt und eingebaute Datenschutz-
garantien etablieren sich synthetische Daten als zentrales Werkzeug für den Aufbau von
Systemen zur Aktivitätserkennung, die robust, ethisch vertretbar und praktisch in realen
Umgebungen einsetzbar sind.
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1I N T RO D U C T I O N

This thesis investigates whether synthetic data can match or exceed real data for hu-
man activity recognition. For this, we take on challenges in cross-domain transfer
as well as in controllable data generation. We pursue three main directions: First,
we present benchmarks which quantify the synthetic-to-real domain gap and de-
velop domain adaptation and generation methods which improve cross-domain
robustness. Second, we use parametric body models to enable controllable large-
scale data generation through rendering-based approaches and couple them with
biomechanical simulation to access physiological signals cameras cannot capture.
This opens research directions in effort estimation as well as rehabilitation mon-
itoring. Third, we demonstrate that synthetic data with demographic diversity
outperforms real data for human fall detection on genuine accidents. This shows
that synthetic data can exceed real data for specialized recognition tasks.

In Plato’s allegory of the cave, prisoners mistake shadows on a wall for reality itself.
Modern machine learning systems face a similar challenge when learning human behav-
ior. They observe the world through training data such as video recordings of humans
performing activities and construct their entire understanding from these limited obser-
vations. Each video is a projection: a single viewpoint of a complex three-dimensional
world, captured by a sensor at one moment in time.

Consider what these recordings capture. A camera in a laboratory films volunteers
walking, sitting, cooking, or exercising under controlled conditions. Security cameras in
public spaces record daily commutes and shopping trips. Smartphones capture social
interactions and recreational activities. These recordings comprise the experiences from
which deep learning systems learn human motion and behavior. Yet like the shadows
in Plato’s cave, they represent only a fraction of human experience, filtered through
what is publicly observable and ethically permissible to collect. The following sections
examine how these shadows, the data available for learning human activity recognition,
are constrained by scarcity, systematic biases, and ethical boundaries.

1.1 challenges in human activity recognition datasets

1.1.1 Data Scarcity and Scale

Deep learning progress was driven forward by large and high-quality datasets. Apart
from being caused by algorithmic improvements, deep learning breakthroughs such as
AlexNet [130] were just as much enabled by datasets such as ImageNet [59]. Later computer
vision datasets such as COCO [146] for object detection and Kinetics-400 [123] for activity

3



4 introduction

recognition have likewise transformed research trajectories. They implement evaluation
standards and incite new methodological directions. Thereby, these contributions show
how datasets drive progress in artificial intelligence development. Beyond serving as
benchmarks, such datasets also influence research agendas: Since they define which prob-
lems are considered tractable, publicly available datasets induce model development and
architectural innovations. Recent discussions around data-centric AI explicitly recognize
that the scale and quality of datasets are just as important as model design [165, 185].

Dataset acquisition for human activity recognition is especially challenging. Short in-
ternet clips frequently suffice for large-scale representation learning. At the same time,
applications in health monitoring, elderly care, or robotic assistance require recordings of
activities of daily living in authentic contexts. Such data is difficult to acquire: collection
in private homes or care facilities is subject to privacy regulations; recruiting participants
from diverse age groups and cultural backgrounds is logistically demanding.

Fine-grained annotation requirements further complicate the situation: Large video
benchmarks rely on clip-level labels, whereas activity datasets for assistance or clinical
use require temporally precise annotation and additional detail about the scene or interac-
tion partners. More detailed in-depth activity analysis, for example, studies that include
inertial sensors or EMG muscle activity [257], requires specialized equipment and expert
labeling. Such datasets therefore stay small and are costly to scale. In fact, large diverse,
and richly annotated datasets are rare over broad RGB-only datasets [200, 234].

Large-scale activity datasets such as Kinetics-400/AVA [93, 123] or Moments in Time [171]
have become standard benchmarks for training and pretraining deep models in computer
vision. Built primarily from internet video, they contain hundreds of thousands of clips
across hundreds of activity categories. Despite their impact, these datasets do not address
major challenges of human activity recognition in sensitive domains: categories are skewed
toward visually distinctive and entertainment-oriented activities, whereas activities of daily
living (ADLs) or rare yet sensitive events such as human falls are underrepresented. They
also rarely contain modalities beyond RGB and lack the annotation detail needed for
healthcare and assistive applications. In other words, although important for benchmark-
ing general-purpose architectures, they remain insufficient for capturing the diversity and
detail required in human activity analysis for everyday assistance situations.

The field is facing systematic data scarcity. While image recognition data has expanded
through web scraping, we find that everyday activities in homes as well as activities in
hospitals, and care facilities remain scarce, with privacy restricting their use. Dataset re-
finement approaches can alleviate quality issues [69, 272], but such methods can not com-
pensate the lack of recordings from sensitive or infrequent settings. In similar manner to
natural language processing, where models approach the limits of available high-quality
training data [269], activity recognition is confronted with finite motion datasets limited
by ethical and legal concerns as well as distributional boundaries [185]. As a result, the
activities most needed for high-impact applications, such as falls, mobility impairments,
or rehabilitation exercises, are precisely those least available. Consequently, this scarcity
motivates exploring synthetic data to expand available training distributions [117, 178].
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1.1.2 Selection Biases and Dataset Limitations

Besides data scarcity, dataset limitations extend to systematic biases that shape the set of
capturable activities and their representation. Many datasets overrepresent young, healthy
adults in public or semi-public environments. Meanwhile, vulnerable populations such
as older adults or people with disabilities are less frequently included [3, 69, 119, 168].
One example for this is NTU RGB+D [228], a widely used multimodal human activity
recognition (HAR) dataset. It covers 60 actions but consists almost entirely of young vol-
unteers recorded in a controlled lab. Likewise, the Oops! dataset [68] focuses on accidental
actions and yet it lacks vulnerable populations as well as settings in clinical environments.
Domain-specific datasets for daily living activities, such as Toyota Smarthome [52], remain
between one to two orders of magnitude smaller than web-scale datasets.

Large-scale web-collected datasets contain similar biases: visually distinctive activities
shared online are overrepresented, whereas routine ADLs as well as caregiving tasks and
interactions in domestic settings are relatively rare [123, 171]. The private area of human
life remains mostly hidden, e.g. how elderly individuals navigate their homes and adapt
movements to impairment, or likewise how families interact in intimate settings. These
limitations reflect structural factors including ethical and privacy regulations as well as
human dignity considerations that restrict what can be captured at scale [170].

Even where recordings exist, they often capture appearance, only. A video may show
someone standing up from a chair, but not whether they require support, e.g. since they
feel dizzy or adapt their movement to manage pain. Large-scale benchmarks focus on
typical and successful task executions, while edge cases including near-failures or im-
paired performances remain underrepresented. Such cases are exactly where recognition
systems could provide benefit: by identifying the need for assistance e.g. due to unsafe
conditions or early mobility decline. Synthetic data can generate such underrepresented
scenarios in a controlled, reviewable manner.

1.1.3 Ethical and Privacy Constraints

Privacy and ethical considerations additionally limit large-scale data collection of sensi-
tive activities. Datasets such as EPIC-Kitchens [48] and Charades [236] cover household
environments, and yet these remain small in size and are not representative of vulnerable
populations such as the elderly or individuals with health conditions. In sensitive settings
such as hospitals and care facilities, data collection is challenging: privacy regulations and
informed consent requirements restrict what may be captured. Such constraints apply in
order to avoid conflicting with ethical norms designed to protect human dignity [170].

Note, that many activities relevant to human activity recognition cannot be recorded
systematically: falls in frail populations, medical emergencies, intimate or stigmatized
behaviors, and scenes involving minors. Their collection is ethically constrained, requir-
ing consent- and dignity-related safeguards, raising liability concerns, and is in addition
limited by the rarity of such events. By modeling such scenarios computationally rather
than filming real individuals, synthetic data enables research in domains where conven-
tional collection is ethically or legally infeasible while respecting the ethical and legal
requirements that rule out direct observation.
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1.2 synthetic data for human activity recognition

Recently, synthetic data became an increasingly important concept in computer vision and
human activity recognition [117, 176, 178]. In this context, it refers to data generated by
computational processes instead of being captured by physical sensors. We differentiate
two major approaches: simulation-based pipelines and generative model-based methods.

Simulation-based pipelines make use of physics-based models and rendering engines
to create human motion with fitting sensor outputs such as RGB, depth, or pose data [267].
Datasets such as SURREAL [267] and ElderSim [109] simulate activities in virtual envi-
ronments, thereby providing control over scene setup and annotations. At the same time,
generative model-based methods build on improvements of GANs, diffusion models, and
neural rendering. This allows to generate motions from learned distributions or textual
descriptions [106, 107, 249]. Although both approaches increase options for dataset de-
sign, they differ in what they offer: simulation allows for explicit control, while generative
models provide larger flexibility regarding realism and diversity.

Augmentation techniques alter existing samples through geometric or photometric
transformations. Still, such methods cannot introduce new behaviors or contexts. Syn-
thetic data approaches, by contrast, allow the generation of new subjects and activities
within new environments. This includes setups which are rare or ethically infeasible to
record. In this sense, synthetic data complements real-world datasets: it extends the exper-
imental setup and opens domains which remain out of reach for conventional collection.

1.2.1 Why Synthetic Data?

In the following, we discuss several potential advantages of synthetic data for HAR,
covering both simulation-based and generative-model-based approaches.

cost effectiveness and scalability With simulation pipelines, large datasets can
be generated at negligible marginal cost. Labels such as skeletons, action categories, or
segmentation masks are generated automatically. Human annotation, frequently the dom-
inant expense in large-scale video datasets [93], is therefore not needed. This cost saving
matters most for temporal data, as frame-accurate labeling of action boundaries is slow
and error-prone. Still, each target domain requires high entry investments: realistic 3D as-
sets, detailed environments, and physics-based animation controllers are costly to design.
Besides, unrealistic simulations affect performance once deployed in the real world.

Generative models change the cost structure of synthetic data generation. Training
large-scale GANs or diffusion models requires both, large compute budgets and diverse
training datasets. Still, once trained, these models can generate very large amounts of new
data at low marginal cost: Text-to-motion models can generate thousands of variants of a
rehabilitation exercise simply by varying textual prompts or latent seeds. This ability to
scale makes them well suited to continual data generation, although dependence on real
training datasets means that they do not remove data collection costs entirely.

controlling factors of variation In simulation environments, the factors of vari-
ation are explicit and scriptable: researchers can systematically vary avatar body morphol-
ogy and environment setups. Additional controllable factors include lighting as well as
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camera geometry and object presence. Compositional datasets become possible this way:
rare yet important scenarios can be generated easily, e. g. a fall while holding an object or
sit-to-stand transitions with impaired balance. Such controlled sampling is not possible
in real-world data collection, in which event frequencies follow Zipf-like distributions.

In contrast, the control offered by generative models is not deterministic since data
diversity is introduced through conditioning mechanisms: Text-to-motion models e. g.
MotionCLIP [249], allow us to specify an action such as “fall while carrying groceries”
and to sample diverse stylistic variants. In order to alter generated sequences, diffusion
pipelines can make use of pose constraints or other guidance signals. Note, that this is sub-
ject to model biases: prompts to create elderly avatars may default to stereotypes or fail, if
such populations are underrepresented in the training data. Hence, both approaches sup-
port variation: simulation allows for explicit control of generation parameters, meanwhile
generative models support larger stylistic and semantic diversity.

reliability and robustness Robustness in HAR requires the appearance of disturb-
ing factors in training. Examples for this are occlusion, clothing diversity, unusual camera
angles or environmental noise. At the same time, simulation pipelines can incorporate
such factors and create edge-case training data. For example, fall events can be displayed
with stark occlusion or under uncommon sensor placements, e.g., top-down ceiling cam-
eras in care facilities. Studies in robotics and autonomous driving show that such “domain
randomization” methods boost generalization to unseen real-world settings [252].

Generative models add additional robustness by enlarging the range of realistic ap-
pearances and contexts. Diffusion-based video generation can alternate environmental
conditions, e. g. falls in different scenes or weather conditions. This diversity helps mod-
els to become invariant to disturbing factors. Still, this applies only if synthetic realism
is sufficient to overlap with the real distribution. Otherwise, artifacts may harm training
rather than improve it. For this reason, robustness gains from generative models depend
on ongoing progress in high quality human video synthesis.

label quality A clear advantage of simulation is its ability to provide temporally
consistent, noise-free labels across multiple modalities. From a single simulation run,
researchers can extract RGB, depth, and skeletal keypoints, but also latent biomechanical
quantities, e. g. ground-reaction forces or joint torques, via physics-based models like
OpenSim [58]. Note, that such labels are synchronized across frames and free from human
annotator error, a feat not achievable through manual annotation alone. They are therefore
attractive for tasks such as fine-grained rehabilitation monitoring or gait analysis.

Generative models do not inherently provide labels. Existing approaches impose labels
using conditional inputs, e. g. “sitting down” as a text prompt or conditioning on a tar-
get pose. Still no guarantees on the semantics of the generated samples are given. Some
approaches combine generative models with pretrained classifiers in order to validate or
relabel generated outputs. However, this additional step often hampers label quality, lead-
ing to error-prone annotation pipelines. In other words, generative models offer flexible
data, while simulation remains the gold standard, when exact labels are important.

paired multimodality Multimodal data is valuable for HAR, since RGB video alone
can fail to capture internal states, e.g. to detect subtle motoric deficits. At the same time,
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simulation environments can generate aligned paired modalities: RGB, depth, surface
normals, optical flow, and IMU tracks can all be extracted simultaneously. Meanwhile,
biomechanical simulators produce ground-truth muscle activations allowing for the cal-
culation of forces and torques. Datasets such as AMASS [155] demonstrate the value of
such multimodal biomechanics.

Generative models currently do not cover this area: Existing pipelines focus on visual
modalities, despite works which increasingly explore audio-visual co-generation or other
modalities. True multimodal diffusion pipelines for HAR, such as the generation of syn-
chronized video containing inertial traces or EMG remain an open challenge. At present,
co-aligned multi-modal data generation is mostly done by data simulation methods.

privacy preservation and ethical data collection Privacy and ethics are ma-
jor challenges in human activity recognition. In this field, data recordings may reveal
identifiable appearance and behavioral patterns, and can even enable re-identification via
gait. Synthetic data reduces these risks but does not eliminate them completely: Simula-
tion pipelines reduce identifiability by replacing real subjects with avatars and synthetic
environments. Nevertheless, if avatar motion is derived from motion capture of real indi-
viduals, gait or movement patterns may still enable re-identification. Generative models,
in turn, produce novel samples rather than direct recordings. Still, these are subject to
memorization and unintended reproduction of training data samples [29]. Mitigation
strategies exist: hybrid pipelines can re-render real motion into synthetic avatars. This
allows for obscuring appearance and context, while differential privacy can reduce mem-
orization risks in generative models [1], albeit often at the expense of fidelity.

Beyond privacy, synthetic data enables research in domains in which conventional data
collection is ethically or legally infeasible. Many intimate activities relevant to HAR as well
as medical emergencies or scenes involving minors, cannot be recorded due to consent and
dignity constraints or rarity. Hence, when modelling such scenarios without filming real
individuals, synthetic pipelines enable the design of balanced and reviewable datasets,
e.g. for safety-critical applications. At the same time, ethical and legal requirements that
complicate real-world recordings remain intact.

active data generation and knowledge distillation A major promise of syn-
thetic data lies in its potential for adaptive dataset design. Simulation environments allow
iterative refinement: when models fail on a particular context (e.g., occluded sit-to-stand),
new synthetic samples can be scripted to specifically target that weakness. This aligns
with active learning, where data acquisition policies adapt to model uncertainty.

More recent generative models further facilitate the data generation process, allowing
for synthesis of data samples based on textual representations or other constraints.

Techniques such as membership query synthesis and data-free knowledge distillation
enable models themselves to request synthetic samples that reduce their uncertainty
or mimic missing source data [10, 226]. Such techniques are established in the field of
Natural Language Processing (NLP) and image classification; in HAR, however, their
application remains limited, as actions are spatio-temporally complex and labels in long
video sequences are difficult to validate. Still, they point toward HAR datasets which are
dynamic and co-evolve with the models trained on them.
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1.3 thesis outline and contributions

This dissertation aims to develop methods for generating and using synthetic data to
advance video-based human activity recognition while addressing challenges in cross-
domain transfer, controllable data generation, and privacy-preserving deployment. Specif-
ically, we identify three research directions crucial for establishing synthetic data as a
viable and, in certain contexts, superior alternative to real-world data collection. The
main part of this thesis contains three chapters dedicated to these directions: We establish
benchmarks and methods for synthetic-to-real transfer (Chapter 3), demonstrate con-
trollable generation through parametric body models (Chapter 4), and solve real-world
deployment problems where real data collection faces inherent limitations (Chapter 5).

The Synthetic-to-Real Domain Gap

How can we evaluate and bridge the domain gap between synthetic training data and real-world
deployment? Synthetic data is rarely generated for synthetic-world deployment but rather
to train models that perform in real-world settings. This inherent cross-domain nature
requires both systematic benchmarks to quantify domain gaps and methods to bridge
them, which Chapter 3 addresses through three complementary contributions. We begin
by establishing Sims4Action (Section 3.1), the first cross-domain benchmark specifically
designed for synthetic-to-real transfer in activities of daily living. While prior synthetic
datasets existed, they were not developed with cross-domain evaluation as a primary
design criterion. Sims4Action pairs gaming-based synthetic data from The Sims 4 with
real-world evaluation on Toyota Smarthome, providing standardized protocols for quanti-
fying domain gaps and evaluating cross-domain methods (published in IROS 2021 [207]).

We continue by addressing the identified domain gaps through two complementary
approaches. Section 3.2 presents Optimal Transport-based Domain Adaptive Knowl-
edge Distillation (OT-DAKD), which improves results on the Sims4Action benchmark
through pose-based feature alignment and knowledge distillation (published in CVPRW
2022 [223]). Section 3.3 introduces MMGen, a framework that generates synthetic training
domains to improve cross-domain robustness. Rather than adapting to specific real-world
distributions, MMGen creates novel training modalities through generative adversarial
networks that maximize distribution divergence while preserving semantic content. Eval-
uated on the Synthetic→Real ADL recognition benchmark, MMGen demonstrates that
learned synthetic domain augmentation reduces cross-domain performance gaps. This
positions synthetic domain generation as an alternative solution to cross-domain robust-
ness (published in IROS 2022 [162]).

Synthetic Data from Human Pose and Shape Models

How can parametric body models enable large-scale synthetic data generation, and does training
on such data improve real-world performance? Can parametric body models combined with biome-
chanical simulation enable muscle activation datasets at scales sufficient for training deep learning
models? SMPL parametric human body models enable controllable, scalable synthetic data
generation through bidirectional mapping: neural networks estimate SMPL parameters
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from video, while rendering engines reconstruct photorealistic synthetic humans from
these parameters. Chapter 4 presents two applications of this approach.

Section 4.1 introduces SynthAct, a Unity-based rendering pipeline which generates
large-scale multi-view synthetic data from motion capture sequences. By rendering SMPL
bodies from AMASS motion sequences across four synchronized camera perspectives,
the framework produces AMARV (Archive Of Motion capture As Rendered Videos).
Experiments demonstrate that models pre-trained on AMARV transfer effectively to real-
world action recognition benchmarks. This makes parametric body model rendering a
practical approach for large-scale synthetic data generation. At the same time it addresses
the privacy concerns of web-scraped video datasets (published in ICRA 2024 [219]).

Section 4.2 extends SMPL-based synthesis to biomechanical simulation and introduces
Muscles in Time (MinT). SMPL’s consistent surface correspondence enables mapping 3D
points across frames. This allows for the transfer of motion data to OpenSim musculoskele-
tal models for biomechanical simulation. MinT generates 10 hours of 402-muscle activation
data across 227 subjects, a scale unreachable with real-world EMG measurement. Exper-
iments on pose-to-muscle activation prediction demonstrate that deep learning models
can effectively learn these mappings from synthetic biomechanical data, which shows
that parametric models combined with biomechanical simulation yield training data at
the scale needed to train deep models from scratch on physiological tasks (published in
NeurIPS 2024 [221]). This biomechanical enrichment opens research directions in effort
estimation and injury risk assessment as well as rehabilitation monitoring from vision,
which were so far constrained by the scarcity of physiological measurement data.

Synthetic Data for Real-World Problems

Can synthetic data with systematic variation outperform real data for out-of-distribution gener-
alization, and what does this reveal about the maturity of modern video generation foundation
models? When does synthetic data enable real-world deployment capabilities that real
data collection cannot provide? Chapter 5 explores two scenarios where real data collec-
tion faces fundamental barriers: performance limitations of staged laboratory data and
privacy concerns in sensitive monitoring applications.

Section 5.1 addresses fall detection for elderly care, in which real staged datasets feature
healthy actors in controlled environments with safety equipment. This creates unknown
generalization gaps to genuine accidents. We present OmniFall, a unified fall detection
benchmark which contains OF-Staged (eight public datasets with standardized annota-
tions), OF-In-the-Wild (genuine accident videos for out-of-distribution evaluation), and
OF-Synthetic (12,000 videos generated using Wan 2.2 with systematic variation). Our
main finding: synthetic video with systematic variation in age, ethnicity, body type, and
environment surpasses real staged datasets in out-of-distribution generalization. This
demonstrates that generatively produced synthetic video can be preferable to real-world
data and signals the maturity of modern video diffusion models. It points to a major shift
in which synthetic video generation becomes a primary data collection method, chosen
for performance advantages rather than only for cost savings. This shows, that synthetic
data generation can surpass real data for training when real data exhibits limited variation
in its distribution (published in ECCV 2026 [220]).
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Can we combine synthetic avatar anonymization with selective differential privacy to provide pri-
vacy for both the appearance of individuals and their environments and living spaces? Section 5.2
addresses privacy-preserving activity recognition in home monitoring, where real video
data contains identifiable information about individuals and their living environments.
We introduce MaskDP (Masked Differential Privacy), a hybrid privacy framework decom-
posing videos into synthetic avatar regions (providing visual anonymization through
parametric body model rendering) and sensitive background regions (receiving formal
differential privacy protection during training). By protecting only explicitly defined sen-
sitive spatio-temporal areas rather than entire videos, MaskDP achieves (𝜖, 𝛿)-differential
privacy guarantees for background contexts while significantly improving recognition
accuracy compared to standard differential privacy. While not providing the same strong
guarantees as full differential privacy, this selective protection improves privacy signif-
icantly compared to pure anonymization while being less sensitive to the strong utility
penalties incurred by full DP training, making hybrid privacy approaches practical for
video-based activity recognition, particularly in strongly private low-𝜖 regimes (presented
at the 2nd International Workshop on Privacy-Preserving Computer Vision [222]).

a note on implementation Section 3.3, Section 4.1, and Section 4.2 include com-
ponents resulting from close collaboration between David Schneider and the Master’s
students Zdravko Marinov, Marco Keller, and Marco Kugler under his supervision. While
precise boundaries are difficult to draw, implementation work for Section 3.3 was rather
carried out by the student based on ideas and guidance from David Schneider. For Sec-
tion 4.1 and Section 4.2, David Schneider contributed both the core conceptual develop-
ment and major parts of the implementation, with the students substantially contributing
to the implementation of the data generation setup. Almost all experiments in Section 4.1
and Section 4.2 were implemented, conducted, and evaluated by David Schneider. David
Schneider is the sole main responsible of all remaining parts of this thesis.

a note on table markings Where results warrant comparison, we mark best values
in tables in bold and, optionally, second best values underlined throughout this thesis.





2R E L AT E D WO R K

This thesis builds upon prior work in five areas: deep learning architectures, hu-
man activity datasets, synthetic data generation, biomechanical simulation, and
privacy preservation. Foundational architectures and domain adaptation methods
(Section 2.1) are the basis for the models we apply in this work. Human activity
recognition datasets (Section 2.2) span general benchmarks, activities of daily liv-
ing, and fall detection. They represent the evaluation settings which our contribu-
tions address. We distinguish between two paradigms of synthetic data generation:
simulation-based methods, which use game engines and SMPL parametric models
(Section 2.3), and generative model-based techniques, which build on GANs and
diffusion models (Section 2.3.3). Biomechanical simulation (Section 2.5) bridges
motion with physiological signals. Muscle activation analysis thus becomes possi-
ble at scales which experimental measurement cannot reach. Privacy-preserving
techniques (Section 2.6), from visual anonymization to differential privacy, address
the requirements of deployment in sensitive environments.

2.1 deep learning for human activity recognition

Vision-based deep learning has progressed from hand-crafted feature pipelines to end-
to-end trainable models which jointly learn spatial and temporal representations from
video. In the following, we study the evolution of primary architectural paradigms, from
early convolutional networks to modern transformers and self-supervised approaches.
We highlight models which have become standard backbones for action recognition and
downstream tasks in this thesis (Fig. 1).

2.1.1 Vision-based Action Recognition Architectures

Two-Stream Convolutional Neural Networks (CNNs) [237] introduced the separation of
appearance and motion in modern deep learning for action recognition, as they process
spatial and temporal information through two separate streams, RGB and optical flow.

C3D [255] built on these early convolutional approaches and learned spatiotemporal
features directly from video through 3D convolutions. Complexity and limited temporal
receptive fields, however, constrained its application to shorter sequences. I3D [30] inflated
ImageNet-pretrained 2D filters to 3D and made use of large-scale pretraining. This showed
how important pretraining is for spatiotemporal understanding.

To further improve efficiency and temporal modeling, SlowFast [75] processed video
through dual pathways at different temporal resolutions, which enabled multi-scale mod-
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Figure 1: Evolution of video action recognition architectures and datasets from 2011 to 2025. CNN-
based methods are marked in blue while attention based methods are marked in green. Datasets
for Activities of Daily Living are marked in orange, general datasets are unmarked.

eling. TSM [145] enabled 2D CNNs to model temporal relationships at zero cost by shifting
channels across time and achieved real-time mobile performance.

Vision Transformers moved beyond convolutional backbones and adapted attention
mechanisms to video understanding. ViT [65] introduced self-attention for spatial model-
ing, which video architectures extended through various temporal factorization strategies:
TimeSformer [15] separated temporal and spatial attention for longer sequences, ViViT [9]
demonstrated multiple factorization approaches and the importance of image pretraining,
while MViT [72] achieved improved efficiency through hierarchical feature pyramids.

In parallel, self-supervised pretraining has become central for scaling video models.
VideoMAE [253] applied masked autoencoding for self-supervised video understanding
and addressed data scarcity through reconstruction of masked spatiotemporal patches.
InternVideo [278] unified multiple tasks through massive-scale pretraining with strong
transfer capabilities, though deployment remains computationally challenging.

2.1.2 Domain Adaptation and Transfer Learning

Domain adaptation addresses distribution shift through techniques that learn domain-
invariant representations or explicitly align source and target distributions. Classical
approaches include DANN’s gradient reversal for domain-invariant features [83] and
Deep CORAL’s second-order statistic alignment [245]. Domain adaptation approaches
are explored for synthetic-to-real transfer in Sims4Action (Section 3.1), optimal transport
knowledge distillation (Section 3.2), and MMGen (Section 3.3).

Knowledge distillation transfers representations across domains and modalities
through soft output matching [104], hint-based intermediate features [210], and spatial
attention transfer [296]. Together with optimal transport, which provides principled dis-
tribution alignment via the efficient entropic regularization of the Sinkhorn-Knopp al-
gorithm [46], these techniques form the basis for the multimodal video and pose based
cross-domain adaptation in Section 3.2. Damodaran et al. [49] explored similar ideas for
domain adaptation in the image domain. This shows the broader applicability of optimal
transport for distribution alignment.
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2.2 human activity recognition datasets

Human activity recognition datasets enable training and evaluation of deep learning
models across different scales and domains.

2.2.1 General HAR Datasets

For brevity, we review general human activity recognition datasets which have shaped
the field. Figure 1 displays additional important contributions in this area, yet without
being exhaustive. Early controlled datasets such as KTH (600 videos, 6 actions) [225]
and Weizmann (90 videos, 10 actions) [91] enabled initial development, yet lacked real-
world diversity. UCF101 [242] (13,320 videos, 101 categories) and HMDB51 [131] (6,849
clips, 51 actions) moved towards YouTube and movie sources, which are more realistic,
yet not representative of daily life. Kinetics [123] advanced the field with 300,000 videos
across 400 classes (extended to 600 and 700 classes in later versions). This enabled large-
scale pretraining despite web-sourced biases. Something-Something [92] (220,847 videos)
emphasized fine-grained temporal reasoning with everyday objects, while AVA [93] (430
video clips, 1.6M action labels at 1 Hz) addressed spatiotemporal localization and multiple
simultaneous actions.

2.2.2 HAR Datasets for Activities of Daily Living

Activities of Daily Living (ADL) datasets address assistive technologies and smart home
applications with longer, complex activities in domestic environments.

Charades [236] contains 9,848 videos of 157 daily activities recorded in homes by
crowd workers following scripts. The dataset features temporal annotations for multiple
concurrent activities, which reflect the complexity of real household behaviors.

Taking a multi-modal approach, NTU RGB+D [228] provides 56,880 sequences of 60
action classes performed by 40 subjects, captured with Kinect sensors providing RGB,
depth, and skeleton data. The dataset offers both cross-subject and cross-view evaluation.

Focusing more directly on assistive monitoring, Toyota Smarthome [52] provides
16,115 videos of 31 activities from 18 elderly subjects with multiple camera views
which emphasize realistic behaviors, under cross-subject and cross-view protocols. ETRI-
Activity3D [112] captures 112,620 RGB-D samples from 100 subjects across 55 activities
from multiple viewpoints for human-robot interaction.

2.2.3 Fall Detection Datasets

Fall detection datasets [2, 11, 33, 94, 134, 163, 256, 302] represent a specialized subset
of HAR datasets which consists of specialized activities with high relevance but low
occurrence frequency. Fall events are difficult to capture in real-world settings due to
ethical and safety as well as privacy concerns.

In Section 5.1 we introduce OmniFall as a new fall detection dataset with synthetically
generated data. Since this work systematically collects and unifies existing fall detection
datasets, the respective related work is detailed and deferred to Section 5.1.1.
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Our Contribution: To address the generalization gap between real staged fall
datasets (featuring healthy actors with safety equipment) and genuine accidents,
we establish OmniFall, a unified benchmark comprising OF-Staged (eight public
datasets with standardized annotations), OF-In-the-Wild (genuine accident evalu-
ation), and OF-Synthetic (controlled demographic diversity). The critical finding:
synthetic data with systematic diversity dominates real staged data for out-of-
distribution generalization on genuine accidents. Thereby, synthetic video genera-
tion becomes a primary data collection method for specialized recognition tasks.

2.3 simulation-based data synthesis for har

Scope: This section focuses specifically on synthetic data generation methods
aimed at providing training data for human activity recognition. While substantial
work exists on SMPL-based synthetic data generation and synthetic video genera-
tion for other purposes, such as training human pose and shape estimation models
or advancing generation techniques themselves, we review only approaches that
explicitly target human activity recognition as their primary application. The excep-
tion is video diffusion models (Section 2.3.3), which we include because OmniFall
makes use of recent video diffusion models for activity data generation, directly
relating these foundation models to activity recognition within this thesis.

Simulation-based synthetic data generation makes use of 3D rendering engines and
physics-based modeling to create controlled training data for human action recognition.
This paradigm addresses the dual challenges of data scarcity and privacy concerns and
at the same time provides explicit parameter control over appearance, motion, viewpoint,
and environmental factors. The approach has proven effective across computer vision
domains such as object recognition [31, 188, 246], semantic segmentation [205, 206], and
body pose estimation [85, 155, 183, 189, 195, 244, 267], with growing applications in human
activity recognition [56, 198]. In Figure 2, we summarize simulation-based datasets and
approaches from 2016-2025, organized by generation methodology.

Simulation-based approaches span two primary technical paradigms: general
rendering-based solutions, which make use of game engines and specialized platforms [7,
109, 193], and SMPL-based parametric human modeling, which enables systematic con-
trol over body shape, pose, and appearance [219, 267]. The trade-offs are distinct: gaming
and specialized platforms provide visual diversity and environment complexity, whereas
SMPL-based methods offer precise control over human body parameters and multi-modal
outputs (depth, segmentation, pose). How effective synthetic-to-real transfer is depends
on the balance of motion authenticity, visual realism, and data diversity.

2.3.1 General Rendering-Based Solutions

In Table 1, we provide an overview of the publicly available datasets for synthetic-to-real
activity recognition. These datasets effectively address their intended applications; system-
atic cross-domain evaluation, however, was not a central design objective. ElderSim [109],



2.3 simulation-based data synthesis for har 17

2016 2017 2018 2019 2020 2021 2022 2023 2024 2025

PHAV GTAV360 Sims4ADL GTAutoAct

HPM SURREAL VirtualHome
MoViSyn

ActionSim

RoCoG-v1

SynADL
(ElderSim) SURR-NTU

SURR-UESTC
(SURREACT)

Mixamo

LDM
SynthVideoRep

VidDiffM

SynthVideoRep RoCoG-v2

SVD

AnimateDiff

REMAGAMARV
SynSH

(SynthAct)

EHAR-GAN
SynDa

HunyVid

OpenSora

NVCosmos

Wan2.1

UnrealGenSyn

PoseTransfer

Figure 2: Timeline of synthetic datasets for human action recognition (2016-2025). Approaches are
categorized as game-based (red), simulator-based (blue), and generative (green) based on their
underlying generation methodology.

Table 1: Overview of synthetic action recognition datasets, ordered chronologically.

Dataset Year Acts. Acq. Source Size Mod.

PHAV [56] 2017 35 MC CMU Mocap 55h RGB

ActionSim [151] 2021 5 MC Mocap 0.1k / 1h RGB,2DP

SynADL [109]1 2021 55 PE EtriAct.3D 462k RGB, 3DP

Sims4ADL [207] 2021 10 - Ingame 1k / 10h RGB

SURR. NTU [266] 2021 60 PE NTU RGB+D 105k RGB, OF, 2DP

SURR. UESTC [266] 2021 40 PE UESTC 3k RGB, OF, 2DP

Mixamo [44] 2022 14 PE Kinetics 25k / 70h RGB, 2DP

BEDLAM [18] 2023 - MC AMASS 10k RGB, IS, D, 3DP

AMARV 2023 260 MC AMASS 800k RGB, IS, SN, D, 3DP

Synthetic SH 2023 31 PE Toyota ADL 45k RGB, IS, SN, D, 3DP

IS Instance segmentation OF Optical Flow D Depth Maps 2DP 2D-Poses 3DP 3D-Poses
SN Surface Normals
MC Motion Capture PE Pose Estimation

1 While Eldersim is the dataset generator, SynADL is the dataset name.

for instance, covers elderly care scenarios with 55 activities. PHAV [56] and Mixamo [44]
offer 35 and 14 action categories, respectively. Standardized protocols which quantify and
compare synthetic-to-real transfer across these datasets remained absent. This motivated
dedicated benchmarks with explicit cross-domain evaluation frameworks.

De Souza et al. [56] first addressed synthetic-to-real activity recognition with PHAV
(Procedural Human Action Videos), which uses motion capture data and computer graph-
ics techniques to generate single-view videos. The dataset comprises 39,000 videos across
35 actions. Viewpoint, lighting, and appearance are systematically controlled, whereas
motion authenticity is maintained. Subsequent work extended synthetic generation to
specialized application domains and technical paradigms.

Domain-specific platforms address targeted use cases. Puig et al. [193] introduced
VirtualHome, which simulates household activities through symbolic program execution.
Hwang et al. [109] developed ElderSim for eldercare with 55 daily activities and age-
appropriate motion patterns as well as multimodal outputs (RGB, depth, skeletal data).
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De Melo et al. [167] developed RoCoG for human-robot gesture recognition; their ablation
studies reveal, that character diversity and motion variation impact transfer effectiveness
more than environmental factors. Reddy et al. [201] extended this direction through
RoCoG-v2 as well as enhanced synthetic-to-real evaluation protocols.

Accessible alternatives came from gaming environments, i. e. from engine extraction or
modification. Ardianto and Hang [7] extracted omnidirectional videos from Grand Theft
Auto V for 360-degree viewpoint coverage, whereas Song et al. [240] developed GTAu-
toAct through systematic game engine redevelopment, which enables explicit control over
character behavior, environment, and camera parameters.

Parallel efforts explored augmentation strategies and representation learning. Ludl et
al. [151] demonstrated through ActionSim that simulation-based augmentation especially
benefits difficult corner-case poses and motions, whereas Guo et al. [97] developed Syn-
thVideoRep for representation learning pretraining. This shows that generalizable rep-
resentations enable effective real-world transfer. Recent work has focused on end-to-end
optimization: Rajendran et al. [199] integrated motion synthesis, rendering, and train-
ing in SynDa’s unified pipeline; Mulero-Pérez et al. [175] developed UnrealGenSyn for
rare event generation; and Knapp and Bohacek [126] introduced PoseTransfer for motion
pattern transfer across visual contexts.

Our Contribution: To evaluate synthetic-to-real transfer in activities of daily liv-
ing, we present Sims4Action (IROS 2021), which pairs life simulation game-based
synthetic data from The Sims 4 with real-world evaluation on Toyota Smarthome.
Sims4Action quantifies the domain gap and provides cross-domain evaluation
protocols. Thus, synthetic→real transfer capabilities become measurable.

2.3.2 SMPL-Based Data Synthesis

Parametric human body models, especially SMPL (Skinned Multi-Person Linear model),
enable systematic control over body shape, pose, and appearance. These models provide
explicit parameter control and multi-modal outputs (RGB, depth, segmentation, pose)
and at the same time maintain realistic human proportions and motion plausibility.

Rahmani and Mian [197] established synthetic data for viewpoint-invariant recognition
by systematically rendering 3D human models across multiple viewpoints. Their demon-
stration that synthetic viewpoint variation could address real-world viewpoint challenges
influenced subsequent parametric approaches, particularly SURREAL [267].

Varol et al. [267] developed SURREAL with SMPL-based parametric synthesis and gen-
erated 6.5 million frames with pose, depth, and segmentation annotations. The systematic
variation of body shape, texture, and environment demonstrated parametric scalability
and laid the basis for subsequent action recognition work.

Building on SURREAL [267], Varol et al. [266] developed SURREACT with SURR-NTU
and SURR-UESTC datasets specifically for action recognition. The work demonstrated that
parametric body models generate effective training data for real-world benchmarks when
combined with domain adaptation techniques. Turrisi da Costa et al. [44] extended this
direction through Mixamo-Kinetics, applying dual-head contrastive domain adaptation
to bridge the gap between Mixamo animations and real video data.
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Our SynthAct [219] integrated AMASS motion capture with scalable rendering and
generated 800,000+ multi-view clips which preserve motion authenticity. This yielded
cross-domain improvements on NTU RGB+D and Toyota Smarthome benchmarks.

In Section 4.1 one of our contributions is the AMARV synthetic video dataset which
builds onto the AMASS motion capture dataset. The concurrently developed BED-
LAM [18] bears similarities to AMARV, as both make use of the AMASS dataset. While
our data generator SynthAct builds on Unity’s perception library [263], BEDLAM makes
use of the Unreal Engine. Despite a number of technical and content generation related
differences, the datasets serve different purposes and scale: BEDLAM targets 3D human
pose and shape estimation and samples 2,311 motions, which result in 10,000 motion clips
optimized for body model fitting tasks. AMARV, in contrast, aims to provide comprehen-
sive training data for generalizable multi-view activity recognition. It covers more than
10,000 motion sequences labeled by BABEL [195] and adds additional modalities for action
understanding tasks. Since AMARV also provides synchronized simultaneous recordings
from four perspectives, this results in a clearly larger dataset of 800,000 motion clips.

Our Contribution: To enable large-scale multi-view synthetic data generation with-
out the privacy concerns of web-scraped datasets, we introduce SynthAct (ICRA
2024), which renders AMASS motion sequences through parametric body models
across synchronized camera perspectives. The resulting AMARV dataset demon-
strates that parametric rendering transfers effectively to real-world benchmarks. It
offers a privacy-preserving alternative to web-sourced video and at the same time
enables multi-view learning without expensive multi-camera infrastructure.

2.3.3 Generative Models for Data Synthesis

Generative models have evolved from discriminative approaches to powerful synthesis
methods capable of creating realistic training data at scale. Generative Adversarial Net-
works (GANs) [90] introduced the basic adversarial training approach, in which a gener-
ator and discriminator engage in a min-max game to produce samples indistinguishable
from real data. Subsequent variants such as DCGAN [196], Wasserstein GANs [8, 95], Big-
GAN [21] and StyleGAN [122] progressively improved training stability, controllability
and image fidelity. This framework spawned numerous architectural innovations over the
following years. It extended from image generation to video synthesis through temporal
modeling in early video GANs [213, 270].

Video GANs addressed the challenge of temporal coherence and modeled both, ap-
pearance and dynamics. Early approaches such as VGAN [270] and TGAN [213] modeled
spatio-temporal structure with 3D convolutions or separate temporal generators. MoCo-
GAN [259] introduced explicit motion-content decomposition, using separate latent codes
to control temporal dynamics and visual appearance, establishing a foundational archi-
tecture for controllable video synthesis, while MoCoGAN-HD [250] leveraged a strong
pretrained image generator to scale GAN-based video synthesis to higher resolutions.
These GAN-based approaches demonstrated the feasibility of synthetic video genera-
tion, yet faced challenges in temporal consistency, mode collapse, and scaling to complex
scenes. For action recognition specifically, Pulakurthi et al. [194] introduced EHAR-GAN
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for dataset augmentation. It preserves action semantics and introduces variations as sup-
plementation rather than replacement.

Diffusion models emerged as a more stable alternative and first succeeded in im-
age generation with denoising diffusion probabilistic models and their improved vari-
ants [105, 177], later with latent diffusion for efficient high-resolution, text-conditioned
synthesis [209] before extending to video domains. Recent text-to-video diffusion models
such as Imagen Video, VideoLDM, and Make-A-Video [19, 107, 238] have enabled large-
scale synthetic data generation for action recognition. CogVideoX [292] makes use of a 3D
causal variational autoencoder with expert transformers to generate high-quality videos
from text prompts. AnimateDiff [98] extends text-to-image diffusion models with motion
modules, which enables animation of characters, a capability we made use of in privacy-
preserving approaches like MaskDP [222] for avatar refinement via video-to-video style
transfer. Lumiere [14] introduced a space-time U-Net architecture that generates videos
at full frame rates in a single pass. This advances beyond the cascaded generation ap-
proaches of earlier diffusion models. Wan [271] introduced a foundation model for video
generation which provides high-quality videos covering diverse scenes and actions, a
capability we used for the generation of OmniFall-Synthetic in Section 5.1. The quality
and realism of generated videos remain challenging to evaluate. Fréchet Video Distance
(FVD) [264] has become a standard metric for assessing generative video models. FVD
extends the Inception-based FID metric to video by computing distances between feature
distributions extracted from I3D video understanding models. This provides better align-
ment with human judgment of video quality than frame-based metrics. In OmniFall, FVD
quantifies the domain gap between synthetic and real fall detection datasets.

While these generative approaches enable large-scale synthetic data creation, their prac-
tical utility depends on effective transfer to real-world tasks, further motivating research
into synthetic-to-real domain adaptation and generalization.

2.4 synthetic-to-real transfer challenges

Synthetic-to-real transfer challenges manifest as appearance variations, motion timing
differences, and environmental discrepancies [44, 167, 207]. From the methodological
perspective, prior work addresses these challenges through two primary paradigms: (1)
complementing real training data by mixing it with generated data, often posed as a
domain adaptation problem [56, 109, 151, 223, 266], or (2) learning action categories on
synthetic data only [161, 162, 207], termed synthetic-to-real domain generalization.

Mixing strategies combine synthetic and real data: De Souza et al. [56] proposed mixing
within minibatches, whereas Varol et al. [266] and Liu et al. [147] augmented real data with
synthetic variants from new viewpoints. Adaptation methods address distributional shift:
Turrisi da Costa et al. [44] improved transfer through dual-head contrastive adaptation
with pose-based feature alignment, and Varol et al. [266] combined parametric models
with domain adaptation for effective transfer. Ablation studies by De Melo et al. [167]
revealed that character diversity and motion variation impact synthetic effectiveness more
than environmental factors. This provides design insights for subsequent work.

Transfer effectiveness varies across generation paradigms: gaming-based approaches
face substantial challenges [207], motion capture methods show better generalization
characteristics [219, 267], while domain-specific platforms achieve targeted improvements
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for their intended applications [109, 167]. Puig et al. [193] addressed learning compositions
of actions within virtual domains only, demonstrating that synthetic data can support
learning in purely simulated environments without real-world transfer.

Our Contribution: To improve cross-domain robustness through synthetic data,
we introduce MMGen (IROS 2022), a framework generating novel training modal-
ities from existing ones (RGB, flow, pose) through adversarial optimization. By
creating diverse synthetic training domains, MMGen demonstrates that learned
domain-level augmentation reduces cross-domain performance gaps.

A fundamental assumption underlying this body of work is that synthetic data is inher-
ently inferior to real data, with research focused on closing the performance gap through
adaptation and domain generation techniques. However, this assumption remains largely
untested: prior work has not systematically evaluated whether synthetic data, when gen-
erated with controlled demographic diversity, could match or exceed real staged datasets
for out-of-distribution generalization. Section 5.1 challenges this assumption by demon-
strating that synthetic video can outperform real staged data for specialized recognition
tasks, suggesting that controlled synthetic diversity can exceed real staged uniformity
when the real data itself exhibits limited variation.

Beyond visual appearance transfer, synthetic data generation can address modalities
that are difficult or impossible to capture at scale in real settings, particularly physiological
signals during human motion.

2.5 synthetic data for biological motion analysis

Deep learning for biomechanical analysis requires large training sets, yet experimental
EMG collection remains constrained to dozens of subjects with limited motions [76, 103].

2.5.1 Computational Biomechanics and OpenSim Integration

OpenSim [58, 227] enables biomechanical simulation at scales impossible to achieve ex-
perimentally, transforming kinematic data through inverse kinematics and dynamics into
muscle activations via physiologically-constrained optimization. Recent advances [27, 77,
101, 115, 309] demonstrate growing interest in musculoskeletal control. In Section 4.2, we
combine OpenSim with AMASS [155], which provides large amounts of motion capture
data [86, 159]. Vertex-to-marker mappings [17] allow us to bridge representations, with
trajectory optimization [260] estimating missing ground reaction forces.

Validation of OpenSim [58, 227] simulations against experimental EMG shows good tim-
ing agreement but variable amplitude across muscles [4, 88]. EMG-informed models [24]
and optimization frameworks [13] improve alignment by incorporating recorded EMG.
This provides a basis for simulations as pseudo-ground truth in data-scarce regimes.

Video-to-biomechanics pipelines estimate kinematics and ground reaction forces from
vision. OpenCap [260] derives joint moments and muscle activations from multi-view
video with accuracy approaching clinical-grade measurements. Physics-informed net-
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Table 2: Comparison between recent muscle activation datasets and Muscles in Time.
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Camargo et al. [28] 2021 22 11 10 min 4 × × × ✓ × ×
Feldotto et al. [76] 2022 5 7 10 min 4 × × × ✓ × ×
KIMHu [103] 2023 20 4 10 h 3 ✓ ✓ ✓ ✓ ✓ ×
MuscleMap [187] 2023 N/A 20a ∼25 hb 135 ✓ ✓ ✓ × ✓ ×
MiA [38] 2023 10 8 12.5 h 15 ✓ ✓ × × ✓ ×
MinT (ours) 2024 227 402c,d 10 h 187 ✓d ✓d,e ✓d ✓d ✓ ✓

a Clip-wise binary labels.
b Coarse estimation based on 15,004 clips of 3-9s.
c Muscle strands, some muscles represented by multiple strands.
d Simulated data.
e From [219]

works embed musculoskeletal constraints [299], whereas neural enhancement refines
OpenSim outputs to match EMG [248].

2.5.2 EMG and Muscle Activation Datasets

Human Motion Analysis and Datasets Publicly available sEMG databases remain
severely limited in scale and muscle coverage [76, 81, 103, 113, 136, 157, 164, 173, 208,
224, 300]: Zhang et al. [300] (5 subjects, 8 sensors), KIMHu [103] (20 subjects, 4 upper limb
muscles), MiA [38] (10 subjects, 8 muscles across 15 exercises). MuscleMap [187] assigns
binary muscle activation labels to 135 actions across 20 muscle groups. Table 2 compares
recent EMG datasets to MinT, which features a clearly larger scale in subjects, activation
measurements, and motion diversity.

Our Contribution: To enable large-scale training data for muscle activation pre-
diction from vision, we introduce Muscles in Time (MinT) (NeurIPS 2024), which
couples SMPL motions with physiological signals through biomechanical simula-
tion. By transferring AMASS motion sequences to OpenSim models, MinT provides
10 hours of 402-muscle activation data across 227 subjects, unprecedented for real
EMG datasets. This vision-physiology coupling opens research directions in effort
estimation, injury risk assessment, and rehabilitation monitoring from vision that
were previously constrained by the scarcity of physiological measurement data.
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2.6 privacy-preserving methods

Deployment of activity recognition systems, whether trained on real or synthetic data,
must address privacy concerns that arise when monitoring human behavior in sensitive
environments. Privacy preservation techniques in this field include data transformation,
obfuscation, adversarial training, and differential privacy methods.

data transformation, anonymization and obfuscation-based methods
Downsampling-based methods anonymize data via low-resolution inputs, as demon-
strated by Chou et al. [39], Srivastava et al. [243], and Butler et al. [25], who show that
action recognition remains feasible even when fine-grained identity cues are removed by
aggressive spatial downsampling. Obfuscation-based approaches use off-the-shelf object
detectors or segmentation networks to identify privacy-sensitive regions and modify or
remove them. Ren et al. [203] synthesize fake faces in place of detected real faces for
action detection, while Zhang et al. [301] employ semantic segmentation followed by
blurring to hide people or specific body parts for video privacy preservation.

Complementary techniques remove or obfuscate people directly in the pixel space.
Image and video inpainting models such as LaMa [247] and ProPainter [306] can erase
humans or faces and hallucinate plausible backgrounds from context. Combined with
pose-based overlays or 3D avatars, these methods yield visually convincing anonymized
videos that preserve scene semantics and motion patterns. However, they do not provide
formal privacy guarantees: small residual artifacts or background patterns across scenes
can still be exploited for re-identification. These limitations motivate hybrid approaches
combining visual anonymization with full-video privacy mechanisms (Section 5.2).

adversarial training Adversarial methods trade action utility against privacy leak-
age through minimax objectives. Image-based approaches [190, 287] optimize task clas-
sifiers and at the same time discourage adversarial privacy classifiers from inferring
sensitive attributes. Video extensions [283, 284] minimize action loss and maximize pri-
vacy loss on shared representations. Variants selectively preserve attributes [34], mask
video tubelets [140], or retain motion while they obfuscate spatial semantics [36, 55, 78].

differential privacy for video analysis Differential Privacy (DP) [67] is widely
regarded as a gold standard [57] for formalizing privacy guarantees of algorithms op-
erating on sensitive datasets. DP has been integrated into a variety of machine learning
tasks, such as image classification [1, 182, 229, 254, 308], activity recognition [152], lan-
guage modeling [63, 233, 295], graph learning [214–216], and speech recognition [230].
The most popular method for training deep neural networks with DP is Differentially
Private Stochastic Gradient Descent (DP-SGD) [1], which masks the contribution of any
single data point to the model updates by clipping per-sample gradients and then adding
Gaussian noise to the sum of the clipped gradients. However, this added noise frequently
hampers optimization, which leads to performance degradation over non-private train-
ing [64, 132]. To address this, various methods have been proposed to improve the utility
of DP-SGD, such as adaptive clipping [6], adaptive noise scaling [80], and gradient com-
pression [273]. Alternatively, some works have proposed relaxed notions of DP to protect
only a data subset or to provide different privacy levels per data attribute [116, 129, 233].
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Empirical work studies how these mechanisms behave in practice. Jayaraman and
Evans systematically evaluate differentially private machine learning under membership-
inference attacks and show that commonly used large privacy budgets can provide limited
effective protection, while tighter budgets often entail substantial accuracy loss [114]. De
et al. [57] demonstrate that scaling model and data size can clearly narrow this utility gap
for image classification, and Li et al. [141] show that large pretrained language models can
be fine-tuned with DP-SGD to reach strong non-private baselines. Both results underscore
the importance of scale and pretraining. Practical toolkits such as Opacus [294] and design
guides like “How to DP-fy ML” [192] distill implementation best practices, from account-
ing and clipping strategies to optimizer choices. This makes DP-SGD more accessible to
practitioners. In addition, Morsbach et al. [174] conduct a replication study on DP-SGD
hyperparameters and find that the interaction between clipping threshold and learning
rate dominates other choices. This provides concrete guidance for practitioners.

Luo et al. [152], most relevant to our work, demonstrated the application of DP-SGD to
visual HAR. The anonymization and obfuscation methods discussed further above pro-
tect individual appearance; they do not provide privacy guarantees for backgrounds and
living environments, which reveal sensitive contextual information. Section 5.2 explores
hybrid approaches combining avatar-based anonymization with selective differential pri-
vacy for background protection. This improves privacy over pure anonymization and is
less sensitive to the utility penalties incurred by full DP training.

Our Contribution: To provide privacy protection for both individuals and their
environments in video-based activity recognition, we introduce Masked Differen-
tial Privacy (MaskDP) (presented at the 2nd International Workshop on Privacy-
Preserving Computer Vision @ ECCV 2024), a hybrid framework decomposing
videos into non-sensitive anonymized avatar regions and sensitive subject-related
background regions, subsequently protected by Differential Privacy. This selective
approach provides improved privacy over subject-only anonymization methods,
whereas it clearly improves recognition accuracy over standard differential privacy.
Thereby, full-video privacy becomes practical for video analysis.
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The central challenge in synthetic data generation is the synthetic-to-real domain
gap, i. e. models trained on synthetic data must transfer to real-world deploy-
ment. To address this gap, we need systematic benchmarks which quantify trans-
fer deterioration, as well as methods which bridge the identified gaps. In this
chapter, we introduce infrastructure for cross-domain evaluation and demonstrate
two different mitigating approaches. We first establish Sims4Action (Section 3.1), a
benchmark which pairs life-simulation-game-based synthetic data with real-world
evaluation. This benchmark reveals significant appearance and motion gaps [207].
Having quantified these gaps, we explore two alleviating strategies. One is adap-
tation through knowledge distillation (OT-DAKD, Section 3.2) [223]. The other,
multimodal domain augmentation, builds on findings from Section 3.2. Here we
evaluate 15 modality combinations, and our results show, that synthetic multi-
modal diversity drives cross-domain robustness (MMGen, Section 3.3) [162].

At its root, this cross-domain challenge is created by asymmetry: Training occurs in
synthetic domains, whereas deployment occurs in complex, unconstrained real-world
environments. The domain gap is present across multiple dimensions, e. g. appearance
distributions, motion characteristics, environmental complexity, and sensor noise patterns.
Its quantification and mitigation require systematic approaches.

Addressing this synthetic-to-real gap needs two complementary components. Bench-
marks must provide controlled environments which quantify domain gaps and evaluate
cross-domain transfer methods under standardized protocols. Methods, in turn, must
bridge the identified gaps, either through adaptation techniques which align synthetic
and real distributions, or through generalization approaches which create robust syn-
thetic training data. Prior to this work, synthetic datasets for human activity recognition
existed, yet cross-domain evaluation for activities of daily living was not a primary design
criterion. This limited the systematic assessment of synthetic→real transfer.

We take on these challenges through three complementary contributions. To enable
systematic evaluation, we establish cross-domain benchmark infrastructure which pairs
gaming-based synthetic data with real-world activities of daily living and quantifies the
magnitude of the appearance and motion gaps. To mitigate the identified gaps, we explore
two complementary approaches. The first is adaptation through pose-based prediction
calibration using optimal transport; it requires distributional knowledge of the target
domain. The second is generalization through systematic multimodal domain augmen-
tation, which improves robustness without target-domain access, as it generates diverse
synthetic training variations.

27
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3.1 learning from life simulation video games

This section is based on our publication at IROS 2021 [207]. © 2021 IEEE.

Cooking
..

.
Using
tablet

0.96

0.01

Eating 0.02
ar

gm
ax Prediction

Cooking

✔

Activity
Recognition

CNN

Training: Sims4Action 
Videogame Dataset

Application/Evaluation:
Real Videos

Training
Inference/
application

Assistive
Robots

Smart 
Home

Transfer

Figure 3: This work leverages the life simulation video game the Sims 4 for inexpensive ADL
training data which is then utilized in the Gaming→Real setting to suit real-world applications,
such as smart homes and assistive robots.

Can synthetic training data from life simulation video games transfer to real-world
activity recognition systems? Activity recognition for assistive household robots relies on
deep neural networks trained on carefully curated and manually labelled datasets [52,
54, 112, 228, 236]. While synthetic data offers potential advantages—controllable param-
eters, unlimited scale, freedom from privacy constraints—the transfer from synthetic
training to real-world deployment remains poorly quantified. Evaluating synthetic→real
transfer requires systematic benchmarks with controlled evaluation protocols and paired
synthetic-real data, which have been largely absent in ADL recognition research.

Life simulation video games provide an opportunity to address this benchmarking
challenge. Unlike purpose-built synthetic data generation, which lacks corresponding
real-world datasets, commercial life simulation games can be configured to match existing
real ADL datasets. The Sims 41 is specifically designed to give players full control of
everyday situations, enabling flexible design of environments, camera angles, and human
appearances. This controllability allows creating synthetic data that mirrors the activities,
environments, and camera configurations of existing real ADL benchmarks.

We introduce Sims4Action, a 10-hour synthetic dataset designed to pair gaming-based
synthetic data with real-world evaluation from Toyota Smarthome [52] (Figure 3). We
create six virtual environments, capture data from four fixed cameras per location plus
a moving camera mode, and design eight subjects with diverse appearances (two young

1 The Sims 4 is a commercial game by Electronic Arts (EA):
https://web.archive.org/web/20260117190507/https://www.ea.com/games/the-sims/the-sims-4

https://web.archive.org/web/20260117190507/https://www.ea.com/games/the-sims/the-sims-4
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Figure 4: Snapshots of the virtual apartments we designed to simulate household situations. The
two homes cover a dining room, a living room and a kitchen. C1 - C24 marks the 24 camera
placements used in the static camera mode recordings.

adults, two adults, four elderly people, equal gender distribution). The dataset features ten
household activities matching Toyota Smarthome’s activity taxonomy, which we trigger
by “playing” the desired behaviours in the game. This paired dataset enables systematic
Gaming→Real evaluation, where models trained on synthetic data are evaluated on real
videos from Toyota Smarthome. As our visual model, we adopt two off-the-shelf video
classification architectures, which we train with the Sims4Action data only. Results pro-
vide systematic quantification of the synthetic→real domain gap with two key findings:
(1) models trained on gaming-based synthetic data achieve above-random performance on
real-world evaluation, demonstrating that cross-domain transfer is possible, yet (2) sub-
stantial performance degradation reveals that modern recognition algorithms are highly
susceptible to domain shifts. This systematic benchmark enables controlled evaluation
of domain adaptation methods and motivates the pose-based representations and opti-
mal transport techniques introduced in Section 3.2. By establishing paired synthetic-real
evaluation protocols, Sims4Action provides infrastructure for research on cross-domain
transfer that was previously difficult to assess systematically.

3.1.1 Sims4Action

This section details the dataset collection process and characteristics. The main dataset
statistics are provided in Table 3.

The Sims4Action dataset is collected using the Sims 4 life-simulation video game, where
players guide virtual humans through everyday activities. The simulation captures com-
plex character traits, varying emotional states, diverse subject appearances, and different
age groups. We leverage this environment to induce the situations we want to recognize
and use the built-in video capture tool for the recordings. The tool allows us to select the
time frame, capture size, and image resolution. We configure recordings at 30 FPS with
640 × 368 pixel resolution. The main stages of our data collection comprise three steps:
1) designing virtual subjects, 2) designing home environments, and 3) actively playing
behaviour categories we want to recognize while recording the gameplay.

virtual subjects For systematic cross-domain evaluation, subject diversity is essen-
tial. The Sims 4 enables detailed subject personalization, capturing characteristics such
as age, gender, body type, clothing, facial features, and even walking style. We design
eight virtual subjects diversifying appearance, gender (four male and four female), and
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Figure 5: Eight subjects (four elderly people, two adults and two young adults) are covered in the
Sims4Action dataset.

age groups (two young adults, two adults, four elderly people) to enable subject-wise
cross-validation splits. An overview of the created subjects is provided in Figure 5.

inducing virtual behaviours In the Sims 4, the virtual subject (Sim) follows given
instructions. We explicitly trigger desired behaviours by guiding the Sim to engage in
specific activities, which range from cooking or taking pills to rare events such as having
a wedding party or morning sickness during pregnancy. In this work, we focus on ten
everyday household activities popular in previous works on recognition in real smart
homes. Examples for each of the classes are provided in Figure 6. While balanced datasets
are rare in real-life [52], synthetic data collection enables equal distribution of classes with
approximately one hour of footage per category. The number of videos per activity varies
with activity duration: drink clips are typically 15-30 seconds, while cook and eat range
from 30 seconds to one minute. Some activities can be controlled by the player (get up/sit
down, use computer, use tablet, walk, watch TV), whereas others complete automatically after
a certain duration (cook, drink, eat, read book, use phone). Figure 7 illustrates sample statistics
for the individual categories.

virtual homes As users can create customized interiors, we can generate a large
variety of environments for data collection. We design virtual environments to match the
Toyota Smarthome [47, 52] framework, recreating digital versions of their households with
the game’s build mode. Our dataset covers two simulated apartments with three rooms:
a kitchen, a dining room, and a living room. While some activities (such as talking on the
phone) happen at various locations, other events, such as cooking have natural location
biases (the location distribution of the captured activities is provided in Figure 8).

The simulation environment allows us to freely choose the camera angle. We record
the videos with two different camera modes: (1) the fixed camera mode, where the camera
stays in one determined position for the entire video, and (2) the moving camera mode,
where the camera is set at various random angles and moves every few seconds during
the video. For the fixed camera mode, we define four different camera angles in each room,
resulting in a total of 24 distinct camera views. An overview of the modeled homes and
the camera views is shown in Figure 4.
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Figure 6: Examples of subjects being engaged into different domestic activities in the Sims4Action
dataset and the real-life counterparts used for the Gaming→Real Benchmark, which are derived
from Toyota Smarthome [52].

3.1.1.1 Dataset and Splits Statistics

The dataset comprises 942 videos with a total length of 10 hours, 25 minutes, and 32
seconds and a roughly equal representation of activity classes (ca. 1 hour each) and
subjects (ca. 1 hour, 17 minutes each).

sims4action splits Generalization to unseen subjects is essential in ADL recognition.
We therefore divide our dataset subject-wise into train (5 subjects), val (1 subject), and test
(2 subjects). We learn model parameters on train, select checkpoints and hyperparameters
on val, and present final evaluation on test (overview of the split statistics provided in
Figure 7). Since behaviour complexity and duration vary strongly, we divide the videos
into chunks of three seconds and use them as samples in our benchmark. Hence, the
classification task on our dataset amounts to assigning the correct activity label to a three
second video.
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Figure 7: Sample frequency of the activities in train, test and val. In contrast to real-life data
collection [52], life simulation video games give us control of the data distribution resulting in a
well-balanced dataset. (A sample corresponds to a 3s snippet with the assigned label.)

Figure 8: Where did the activities take place? The cord diagram visualizes the correspondences of the
captured behaviours and the rooms it took place in. Best viewed in color.

gaming→realbenchmark Since neural networks are sensitive to distribution shift,
transferring recognition capabilities from the Gaming→real domain is challenging. To
enable sustained transfer from video games to actual robotics or smart home applications,
Sims4Action is accompanied by a real data benchmark. To achieve this, we build corre-
spondences between our categories and activities captured in the real Toyota Smarthome
dataset [52] and use the Toyota Smarthome cross-subject test set with the corresponding
classes for evaluation. Note that we do not directly take Toyota Smarthome classes as-
is, and certain modifications and consolidations are required to match the Sims4Action
classes. For example, we consolidate different variants of cooking activities into a single
cooking class. Figure 6 compares the videogame examples and their real-life counterparts
for every category. Overall, the Gaming→real test set comprises 4412 videos with the
corresponding ten activities inside a real smart home, where each video is used as a test
sample, as in [52]. This real-life test data is not evenly distributed, with the number of
samples ranging between 15 for use tablet and 1225 for the walk category.
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Table 3: Statistics of the Sims4Action dataset.
Samples represent 3-second video segments
with activity labels.

Property Train Val Test Total

Duration (min) 388.5 79.6 157.5 625.6

Samples★ 8,217 1,684 3,331 13,232

Subjects 5 1 2 8

Male/Female 2/3 1/0 1/1 4/4

Static cam. ✓ ✓ ✓ ✓

Moving cam. ✓ ✓ ✓ ✓

Static views 24 24 24 24

Activity classes 10 10 10 10

Min.vids/class 769 150 324 1,265

Avg. vids/class 822 168 333 1,323

Table 4: Per-class performance of I3D on the
Sims4Action dataset. Precision, recall, per ac-
tivity class.

True Activity
Prec. Rec. F1

[%] [%] [%]

Cook 98.99 93.61 96.22

Drink 84.74 94.44 89.33

Eat 93.90 95.65 94.77

Getup / Sitdown 78.44 85.37 81.76

Read book 97.15 88.35 92.54

Use computer 99.34 94.06 96.63

Talk on phone 78.17 96.67 86.44

Use tablet 96.43 85.71 90.76

Walk 100.00 57.37 72.91

Watch TV 76.74 100.00 86.84

3.1.2 Neural Architectures

To evaluate our idea of ADL recognition by learning from life simulation video games
and provide a competitive benchmark based on the Sims4Action dataset, we adapt two
off-the-shelf CNNs for general activity recognition.

inflated 3d cnn The Inflated 3D ConvNet (I3D) by Carreira and Zisserman [30]
is a widely adopted video classification architecture utilized for both general- and ADL
recognition [30, 52]. The model benefits from the object recognition architecture Inception-
v1 [110] and modifies it to deal with the temporal domain via expansion of 2D- to 3D
kernels and ablations on how to integrate pooling operations.

Inherited from the ancestor network, I3D is 27 layers deep and stacks three convolution
layers at the beginning, nine inception modules which themselves are two layers deep,
one fully-connected layer at the end as well as five max- and average-pooling layers.

separable 3d cnn While I3D offers excellent classification accuracy, it is a heavy ar-
chitecture with > 12 million parameters and might be impractical in robotic applications.
With this in mind, Xie et al. [288] redesigned the I3D architecture by considering (1) switch-
ing to a top-heavy model, (2) temporally separable convolutions, and (3) spatio-temporal
feature gating. These alterations led to a major reduction in floating point operations
(FLOPs) and culminated in the new Separable 3D architecture (S3D). The so-called top-
heavy model property reduces FLOPs by switching early 3D convolutional blocks in the
I3D architecture with standard 2D convolutions and only in later layers involves tempo-
rally separable 3D convolutions.

implementation and training details In all experiments except for the baselines,
we train our networks end-to-end on Sims4Action for 100 epochs. We use the I3D architec-
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Table 5: Evaluation of the ADL recognition in the Gaming→Gaming setting of our benchmark. The
performance metrics are standard- and balanced accuracies.

Model Weight
init.

Normal Acc [%] Balanced Acc [%]

Top 1 Top 3 Top 5 Top 1 Top 3 Top 5

Random None 10.0 33.3 50.0 10.0 33.3 50.0

Sep. 3D Net Random 56.7 79.4 91.2 56.5 79.3 91.3

Sep. 3D Net K400 84.7 96.7 98.7 84.6 96.7 98.7

I3D Net Random 67.0 87.8 94.3 66.9 87.8 94.3

I3D Net K400 89.1 98.4 99.6 89.1 98.3 99.5

Table 6: Recognition results in the Gaming→Real setting. Such transfer is a hard task for current
recognition models, although all methods surpass the random baseline.

Model Weight
init.

Normal Acc [%] Balanced Acc [%]

Top 1 Top 3 Top 5 Top 1 Top 3 Top 5

Random None 10.0 33.3 50.0 10.0 33.3 50.0

Sep. 3D Net Random 20.0 45.9 64.6 12.4 34.4 58.7

Sep. 3D Net K400 34.1 58.6 75.9 23.2 43.9 62.3

I3D Net Random 18.0 44.4 66.1 10.9 31.5 53.6

I3D Net K400 22.8 47.8 65.0 23.3 47.0 64.4

ture with an input frame size of 224× 224 or the S3D architecture with an input frame size
of 128× 128. The network architecture-related parameters (e.g., dropout, input size) were
set according to the original architectures [30, 288]. We apply multiple augmentations
during training including random rotations (± 20◦ ), hue changes (± 180◦ ), saturation
changes (± 100%), brightness changes (± 80%), and random cropping. For testing, we only
scale the input clips to the desired input size and take a center crop. All videos are divided
into 90 frame chunks. During training, we randomly select single 30 frame clips from each
chunk and classify them separately. For the final classification on videos, we only classify
the center chunk of each video. We use the Adam optimizer with a learning rate of 1e-4
and weight decay 1e-4. For training on the Sims dataset, we used a mini-batch size of 48
for S3D and 20 for I3D. For our transfer learning experiments on ADL, we exchanged the
last layer to match the number of 31 classes and then trained on that layer for one epoch in
order to fine-tune the parameters. We used a batch size of 64 chunks for S3D and a batch
size of 32 chunks for I3D, all other settings are equal to the Sims training.

3.1.3 Experiments

This section investigates how well off-the-shelf activity recognition models described in
Section 3.1.2 can leverage our synthetic Sims4Action data to recognize activities of daily
living. To gather this insight, we present results for two scenarios: (1) recognition of ADL
in the video game domain and (2) recognition transfer from video game-trained models
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to real-life ADL classification. We use the standard accuracy and the balanced multi-class
accuracy (average of the individual class recalls) as our main evaluation metrics.

3.1.3.1 ADL Recognition on Video Game Data

First, we explore how well the described CNN architectures handle the video game data
in the Gaming→Gaming setting, where we train and evaluate in the synthetic domain. In
Table 5 we present the results of the S3D and I3D networks both trained on the Sims4Action
dataset. Similarly to Toyota Smarthome [52], we initialize the networks using the Kinetics-
400 classification models [123], but also report the results when training from scratch. As
expected, the accuracy of the pretrained models is considerably higher, since 3D CNNs
are known to strongly benefit from pretraining. I3D initialized with Kinetics-400 achieves
89.1% Top-1 accuracy, representing strong performance for 10-class ADL recognition. The
benefit of pretraining is substantial: I3D improves from 67.0% when trained from scratch
to 89.1% with Kinetics initialization, a 22.1 percentage point gain that underscores the
value of large-scale video pretraining even for synthetic gaming data.

I3D achieves 98.4% accuracy in the Top-3 evaluation scenario, approaching perfect
recognition. This indicates that when the model errs, the correct class typically appears
among the top predictions, suggesting confusion between semantically similar activities
rather than fundamental misclassification. In addition to the overall accuracy, we examine
model performance for the individual classes, with the exact precision, recall and F1-score
(harmonic mean of the precision and recall) provided in Table 4.

Interestingly, the best recognition in terms of 𝐹1-score is achieved for the activities cook
and use computer. This is likely due to the distinctiveness of the cooking utensils and
the computer making them easily distinguishable patterns in those activities. Get up/sit
down is quite ambiguous and hard to disentangle from other activities like watch TV or
eating where the virtual human is also in a seated position resulting in lower precision.
These results demonstrate that modern video architectures can effectively learn activity
patterns from gaming-based synthetic data when training and evaluation distributions
match, achieving accuracies comparable to real-world ADL benchmarks.

3.1.3.2 ADL Recognition in the Real-World

We evaluate cross-domain transfer by applying models trained on Sims4Action to real
videos from the Toyota Smarthome dataset [52] (Figure 6), as described in Section 3.1.1.1.
Results are reported in Table 6.

Cross-domain performance reveals substantial degradation. I3D (Kinetics-initialized)
drops from 89.1% in the Gaming→Gaming setting to 22.8% on real-world data, a 66.3
percentage point decline. Similarly, S3D experiences a 50.6 percentage point drop (from
84.7% to 34.1%). This divergence between in-domain and out-of-domain performance
quantifies the severe synthetic-to-real domain gap for gaming-based generation.

This severe degradation is particularly striking as humans recognize these activities
across domains effortlessly, revealing neural networks’ unintuitive sensitivity to visual
distribution shift despite identical semantic content. The results show that while models
learn activity patterns from synthetic data, they remain heavily dependent on appearance
features that differ drastically between gaming and real environments.
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Despite this substantial gap, all models clearly outperform the random baseline (10%),
demonstrating that gaming-based synthetic data does transfer meaningful activity pat-
terns. The cross-domain results establish both the promise and limitations of gaming-
based generation: it provides accessible synthetic data collection but faces severe real-
world deployment constraints, motivating the domain adaptation work in Section 3.2 and
domain generation approaches in Section 3.3.
3.2 domain adaptive knowledge distillation

This section is based on our publication in CVPR ROSE Workshop, 2022 [223]. © 2022 IEEE.

A short note on the contribution within this thesis: Schneider et al. [223] present
two major ideas: the usage of human pose-sequences as a supervision signal for
self-supervised representation learning and the usage of optimal transport for
domain adaptive knowledge distillation. Only the latter falls within the scope of
this thesis. Hence, we introduce the representation learning method briefly as
context in this section, but focus on the domain adaptation part.

Section 3.1 established Sims4Action as a testbed for synthetic-to-real activity recognition,
revealing substantial challenges in cross-domain transfer. Models trained on game-based
synthetic data experience accuracy drops exceeding 60% when evaluated on real-world
Toyota Smarthome videos [52], despite strong within-domain performance. Standard neu-
ral network-based approaches [30, 288] pre-trained on supervised RGB datasets struggle
when appearance changes drastically [207].

Having quantified the magnitude of this domain gap, the question becomes: how can
we enable effective transfer from synthetic to real domains? We address this through two
complementary approaches. First, we employ self-supervised representation learning
that combines pose and video modalities to learn domain-invariant features, encouraging
the feature extractor to focus on human body regions and motions across network lay-
ers. Second, we introduce an optimal transport-based domain adaptation technique that
calibrates prediction distributions to match target domain characteristics. While both ap-
proaches can be combined, this section focuses on the domain adaptation method, which
can be applied independently of any pre-trained feature extractor.

Our method addresses a fundamental challenge in unsupervised domain adapta-
tion: aligning prediction distributions across domains without target labels. Existing ap-
proaches often match within-network feature distributions using adversarial losses [35,
83], but provide no guarantees on output prediction marginals. Our approach optimizes
the classifier by directly shaping the output prediction distribution to a desired marginal.

The technique employs teacher-student knowledge distillation with optimal transport-
based prediction calibration, which we refer to as Optimal Transport-based Domain Adap-
tive Knowledge Distillation (OT-DAKD). Given unlabeled target domain data, we assume
a plausible marginal label distribution and enforce this distribution during batch-wise
training. The teacher network produces predictions on target batches, which are then
calibrated using the Sinkhorn-Knopp algorithm to match the desired marginal. A student
network, initialized with the teacher weights, is trained to predict these calibrated soft
labels, effectively learning to align its predictions with the expected distribution.
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3.2.1 Problem Formulation

...

SinkhornBatch Distribution

Desired Distribution

Updated Targets

frozen
weights

ℎΨ ℎΣ

Figure 9: Overview of our domain adaptation method. We evaluate the batch distribution of label
predictions and use the Sinkhorn-Knopp algorithm to calculate target predictions which conform
to a desired distribution.

The domain adaptation problem for this section can be formulated as follows. Let
𝑓Θ : 𝒳 → R𝑚 denote a feature extractor with parameters Θ that maps input samples to
representation vectors 𝑦 ∈ R𝑚 , where 𝑚 is the representation dimensionality. A classifier
ℎΨ with parameters Ψ maps these representations to class predictions. We assume access
to a labeled source domain dataset 𝒟𝑆 = {(x𝑖

𝑆
, 𝑦 𝑖

𝑆
)}𝑁𝑆
𝑖=1

with samples x𝑖
𝑆
∈ 𝒳 and labels

𝑦 𝑖
𝑆
∈ {1, . . . ,𝐾} for 𝐾 classes, and an unlabeled target domain dataset𝒟𝑇 = {x𝑗

𝑇
}𝑁𝑇
𝑗=1

with

samples x𝑗
𝑇
∈ 𝒳 . The goal of domain adaptation is to adapt the classifier to perform well

on the target domain without requiring target labels.
In the experiments presented in this work, we employ a two-stream architecture com-

bining video and pose modalities. The video stream uses S3D [288], the pose stream
processes SkeleMotion representations [26] through a lightweight CNN encoder. Pre-
training employs pose-based self-supervised contrastive clustering in a common feature
space [223] to encourage domain-invariant representations.

While we employ this specific architecture in our experiments, the domain adaptation
method presented in Section 3.2.2 is agnostic to these architectural choices. The approach
can be applied to any feature extractor that produces meaningful representations for both
source and target domains.



38 the synthetic-to-real domain gap

3.2.2 Optimal Transport for Domain Adaptation

Formally, let ℎΨ denote the teacher network with pre-trained weights Ψ. For a batch of
𝐵 target domain samples X = {x𝑖}𝐵

𝑖=1
from𝒟𝑇 without labels, the teacher produces logit

predictions z 𝑖𝑡 ∈ R𝐾 for each sample x𝑖 , where 𝐾 is the number of classes. The student
network ℎΣ, initialized with weights Σ = Ψ, produces corresponding predictions z 𝑖𝑠 ∈ R𝐾 .
Note that we do not require samples from the source domain during adaptation, making
this a source-free domain adaptation approach. An overview of the method is shown in
Figure 9.

sinkhorn–knopp calibration To generate reliable pseudo-labels, we calibrate the
teacher’s predictions to match the known target class distribution r ∈ R𝐾 with

∑𝐾
𝑘=1 𝑟𝑘 = 1.

We first compute soft predictions p 𝑖
𝑡 = softmax(z 𝑖𝑡 ) and form a score matrix Q ∈ R𝐾×𝐵

>0

with temperature 𝜖 > 0, where column 𝑖 contains scores for sample 𝑖:

𝑄𝑘𝑖 = exp

(
𝑝 𝑖
𝑡,𝑘

𝜖

)
.

Let the desired marginals be the target prior for rows and uniform columns:

rows: r ∈ R𝐾 , cols: c = 1
𝐵1𝐵 ∈ R𝐵.

The Sinkhorn–Knopp algorithm iteratively normalizes Q to match these marginals. Ini-
tialize Q← Q/∥Q∥1. For 𝑛 = 1, . . . ,𝑁 :

u ← Q1𝐵, Q ← Q · diag(r⊘ u),

Q ← Q · diag(c⊘Q⊤1𝐾),

where ⊘ denotes element-wise division. After convergence, column-normalize Q ← Q ·
diag(1𝐵 ⊘Q⊤1𝐾) and apply softmax to obtain calibrated predictions for sample 𝑖:

p̃ 𝑖
𝑡 = softmax(Q),𝑖) ∈ R𝐾 .

This formulation ensures the batch-level class distribution matches the target prior r while
treating each sample equally, preventing over-prediction of majority classes.

The Sinkhorn-Knopp algorithm iteratively balances the prediction matrix through row
and column normalizations. Intuitively, the row normalization ensures that the overall
batch predictions match the desired class distribution r, while the column normalization
ensures each sample receives equal treatment rather than concentrating probability mass
on easy samples. This alternating normalization converges to a doubly-stochastic matrix
that satisfies both constraints simultaneously. The temperature parameter 𝜖 controls the
smoothness of the resulting distribution: lower values produce sharper, more confident
pseudo-labels, while higher values yield softer distributions that hedge uncertainty. By
enforcing batch-level distributional constraints while maintaining per-sample fairness,
the algorithm generates calibrated pseudo-labels that guide the student network toward
predictions aligned with the target domain’s statistical properties.
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training objective Pseudo-labels are extracted via 𝑦̂ 𝑖 = arg max𝑘 𝑝̃ 𝑖𝑡,𝑘 . The student is
trained with cross-entropy loss:

ℒ = − 1
𝐵

𝐵∑
𝑖=1

log
(
softmax(z 𝑖𝑠 )𝑦̂ 𝑖

)
.

The student weights Σ are updated via backpropagation while teacher weights Ψ remain
frozen. We use 𝑁 = 12 iterations and 𝜖 = 0.05.

The primary advantage of this approach is the ability to directly shape the overall
output marginal distribution to match expected class frequencies, addressing prediction
calibration at its source. Adversarial domain adaptation methods such as DANN [83] or
TA3N [35] match feature distributions but provide no guarantees on prediction marginals.
In contrast, our method explicitly enforces the desired label distribution through optimal
transport, providing direct control over output predictions.

This distribution-level control is particularly valuable when class imbalances differ be-
tween domains, as is the case for Sims4Action→Toyota Smarthome transfer. In the fully
unsupervised setting where the target distribution is unknown, the source dataset la-
bel distribution serves as a reasonable default assumption. However, the method can be
extended to weakly supervised domain adaptation by providing an oracle-based distribu-
tion or by sampling a small subset of target domain samples to estimate the actual target
distribution, which is especially beneficial when domain distributions are known to differ
substantially.

3.2.3 Experiments

We evaluate our method primarily on the Sims4Action→Toyota Smarthome transfer in-
troduced in Section 3.1, which provides the most challenging synthetic-to-real benchmark
for ADL recognition. The Gaming→Real setting represents the core motivation for this
work: enabling practical deployment of models trained on inexpensive game-based data.

We use Kinetics-400 [123] with Kinetics-Skeleton [290] pose sequences for unsuper-
vised pre-training of a frozen P-HLVC feature extractor [223] and evaluate on the
Sims4Action [207]→Toyota Smarthome [52] transfer as described in Section 3.1. We com-
pare our domain adaptation method to state-of-the-art baselines including VideoDG [293],
TA3N [35], Kinetics-400-pretrained S3D [288], and vanilla P-HLVC.

3.2.3.1 Results

Tables 7 and 8 present results for domain generalization and adaptation, following the
protocol from Section 3.1. We report accuracy and mean Per-Class Accuracy (mPCA) for
both full-video and mid-chunk predictions. Pre-training significantly improves general-
ization performance (Table 7). Best results are achieved by keeping the classification head
shallow; models with three fully-connected layers or full end-to-end fine-tuning perform
worse, likely due to overfitting and degradation of transferable backbone representations.

This suggests that when the pre-trained encoder already captures action-descriptive
representations, linear probing with minimal trainable weights suffices for cross-domain
transfer. This is especially the case for pose-motion pre-trained encoders, which focus
on human body regions and movement patterns, making them well-suited for activity
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Figure 10: Comparison of direct transfer (top) with unsupervised distribution training assuming
the source label distribution (uniform), or using the target cross-subject train label distribution.

recognition across visual domains. In contrast, when using more general pretraining
approaches not specifically focused on human motion, deeper classification heads with
additional trainable parameters become necessary but increase susceptibility to domain
shift. The more weights require adaptation, the greater the risk of overfitting to source
domain characteristics and forgetting transferable features. Conversely, shallow heads
with fewer trainable weights are less sensitive to domain gaps, provided the encoder
representations are already well-suited for the target task.

Among domain generalization baselines, pose-based representation learning [223]
with Video+Pose achieves 40.4% accuracy and 29.0% mPCA, outperforming supervised
Kinetics-400 pre-training (36.0% / 27.3%) on both metrics, demonstrating the value of
domain-invariant pose-based representations.

Table 8 presents domain adaptation results with optimal transport-based calibration.
In the unsupervised setting, our domain adaptation method achieves 40.6% accuracy and
31.3% mPCA, substantially outperforming TA3N’s 8.8% / 12.7%. We evaluate two cali-
bration strategies: using the source dataset label distribution (unsupervised) or the target
cross-subject train set distribution (weakly supervised). In the weakly supervised setting,
the method achieves 53.4% accuracy, outperforming TA3N’s label-based approach (33.1%)
by 20.3 percentage points. The source distribution calibration yields better mPCA (31.3%
vs. 25.5%) as this metric treats all classes equally, while target distribution calibration
maximizes standard accuracy by accounting for class imbalances.
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Table 7: Domain generalization baseline results. Pre-training with pose-based representations
improves transfer from synthetic to real domains.

Method
Pre-

training
Full Video Mid-Chunk

Acc mPCA Acc mPCA

Domain Generalization (No Pre-Training)

S3D [207] - 18.5 13.4 20.0 12.4

P-HLVC (Video) - 13.4 10.0 13.0 9.1

Domain Generalization (With Pre-Training)

S3D [207] K400 36.0 27.3 34.1 23.2

TA3N [35] ImageNet 14.4 14.2 -

VideoDG [293] ImageNet 21.1 25.7 -

APN [293] ImageNet 17.2 22.1 -

P-HLVC (Video) P-HLVC 38.8 21.3 35.6 19.8

P-HLVC (Video+Pose) P-HLVC 40.4 29.0 38.3 28.0

K400: Kinetics-400, P-HLVC: Pose-based contrastive pre-training
Results show domain generalization from synthetic (Sims4Action) to real
(Toyota Smarthome) data.
[223] report slightly reduced results for TA3N and VideoDG, for fairness
we list the improved results from [162] here.

Figure 10 illustrates these distribution effects per-class. Direct transfer succeeds pri-
marily on motion-distinctive activities (walking, get up/sit down) and those with dis-
tinctive contexts (cooking, eating). Uniform distribution calibration reduces walking’s
over-prediction, redistributing performance across classes and improving mPCA (31.3%).
However, this treats all classes equally regardless of target frequencies. Target distribution
calibration aligns predictions with true class frequencies: frequent classes gain higher re-
call through stronger prediction signals, while infrequent classes receive less emphasis.
This frequency alignment maximizes overall accuracy (53.4%) at the cost of balanced
performance, explaining the mPCA versus accuracy trade-off observed in Table 8.

The optimal transport-based approach demonstrates that explicit prediction distri-
bution control improves cross-domain transfer when target domain characteristics are
known or can be estimated. However, this adaptation strategy requires some knowledge
of the target domain, whether through distributional assumptions or weak supervision.
An alternative question emerges: rather than adapting to specific target domains, can we
improve cross-domain robustness by diversifying the synthetic training data itself? Sec-
tion 3.3 explores this complementary approach through multimodal domain generation,
where learned synthetic variation serves as an alternative pathway for addressing domain
gaps without requiring target domain access.
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Table 8: Domain adaptation results from Sims4Action to Toyota Smarthome.

Method
Target

Supervision
Full Video Mid-Chunk

Acc mPCA Acc mPCA

Unsupervised Domain Adaptation Using Source Label Distribution

TA3N [35] 8.8 12.7 -

P-HLVC + OT-DAKD 40.6 31.3 36.0 28.1

P-HLVC + OT-DAKD† 39.4 29.3 36.3 27.1

Weakly Supervised Domain Adaptation Using Target Label Distribution

TA3N [35] Labels 33.1 13.4 -

P-HLVC + OT-DAKD
Distribution

53.4 25.5 49.9 24.3

P-HLVC + OT-DAKD † 53.2 26.0 49.3 25.5

† Classifier using three linear layers instead of one.

3.3 multimodal domain generation for domain-transfer

This section is based on our paper published at IROS 2022 [162]. © 2022 IEEE.

Can generative adversarial networks create additional training domains to im-
prove cross-domain transfer? This section introduces MMGen, a framework that
employs GANs to generate novel modalities from existing multi-modal data (RGB,
optical flow, pose). The work demonstrates that synthetic domain augmentation
reduces performance gaps when deploying models trained on synthetic data to
real-world scenarios. Beyond validating the domain generation paradigm, this
section provides a systematic cross-domain transfer analysis for multimodality.

Simulations are an excellent way of economical data collection, but Synthetic→ Real
domain shifts lead to severe accuracy degradation when recognizing Activities of Daily
Living (ADLs), as quantified in Section 3.1.

Section 3.2 demonstrated that pose-based representations provide domain-invariant
features that support cross-domain transfer, establishing the value of alternative modal-
ities beyond RGB appearance. Building on these findings, this section explores whether
systematic leveraging of multiple modalities—pose heatmaps, skeletal limbs, optical
flow—can improve synthetic-to-real transfer through a complementary approach: rather
than adapting predictions to target distributions, we generate diverse synthetic training
domains that improve robustness across unknown target conditions.

We tackle this challenge and introduce an activity domain generation framework which
creates novel ADL appearances (novel domains) from different existing activity modali-
ties (source domains) inferred from video training data. Our framework computes human
poses, heatmaps of body joints, and optical flow maps and uses them alongside the origi-
nal RGB videos to learn the essence of source domains in order to generate completely new
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Application: real domestic environments (evaluation on real videos) 

Predicted Activity
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Computer
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Walk Use Tablet Eat
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Enhanced Synthetic Training Data: True and Newly Created Domains
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Novel Domains / Modalities

Original Synthetic
Video Data

𝐷𝐺

Figure 11: An overview of the proposed Synthetic→Real activity recognition pipeline improved
through neural network-based generation of novel activity domains. In addition to synthetic
RGB videos, the training data is enriched with modalities explicitly extracted from videos (source
modalities) and action representations from the novel modalities generated with our model. Such
multimodal diversification of the training samples significantly mitigates adverse effects of the
Synthetic→Real domain shift.

ADL domains. The model is optimized by maximizing the distance between the existing
source appearances and the generated novel appearances while ensuring that the seman-
tics of an activity is preserved through an additional classification loss. Multimodality is
central to this design, yet the framework requires only single RGB videos as input. All
source modalities (pose heatmaps, limbs, optical flow) are automatically extracted from
RGB, eliminating the need for multi-sensor hardware setups while retaining the benefits
of multimodal representation learning.

The newly created activity domains are then integrated in the training of the ADL classi-
fication networks, resulting in models far less susceptible to changes in data distributions.
Extensive experiments on the Synthetic→Real benchmark Sims4Action demonstrate the
potential of the domain generation paradigm for cross-domain ADL recognition, setting
new state-of-the-art results.

3.3.1 Motivation

When roboticists apply activity recognition models in practice, they will quickly discover
the problem of domain shifts. In fact, a model is rarely deployed under conditions identical
to the ones in the training set, as we face changes in illumination, camera type and -
placement [111, 285]. One domain change vital in robotic ADL assistance is the transition
from synthetic to real data, as simulations ease the burden of data collection and privacy
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concerns in domestic environments [109, 111, 137, 207]. In the light of the ageing population,
domain-invariant recognition of Activities of Daily Living (ADL) is an important element
for household robot perception and human-tailored planning [41, 160].

Recently, the paradigm of novel domain generation has been proposed as a way of
extensive data augmentation for image recognition, leading to more domain-invariant
models, e.g., for digit classification [305]. At the same time, activity analysis allows a
plethora of true modalities based on human movement. Apart from raw RGB videos,
modalities such as optical flow or body poses can be automatically extracted and used as
source domains for learning to generate more diverse and activity-specific novel domains.
Despite its high potential for mitigating domain shifts, such domain generation has been
overlooked in activity analysis and is therefore the main motivation of our work.

We aim to make a step towards ADL recognition less susceptible to changes in data
distribution and introduce a generative framework enriching the training data through
generation of previously unseen activity domains. In our approach, multimodal action
representations derived, e.g., from body pose, joint heatmaps and optical flow, are used
to learn creating novel activity domains by maximizing the distance between the existing
modalities (source domains) and the generated appearances (novel domains) while ensur-
ing that the semantics of an activity are preserved through an additional Classification Loss.
The newly generated novel modalities are then mixed with the initial source modalities
and constitute a diversified version of the training set (see overview in Figure 11).

Multimodality is a central concept in our framework and we believe that the novel do-
main generation paradigm suits activity analysis, as body pose and movement dynamics
enable a wider range of existing source modalities, which in return encourages diversity of
the generated novel domains. Nevertheless, our framework does not rely on multi-sensor
setups since all source modalities are inferred from RGB videos only.

The problem of domain shift on the Syn→Real benchmark is significant, as established
in Section 3.1. The current state-of-the-art model is trained on the Sims4Action [207]
dataset and experiences substantial performance degradation when evaluated on real
data. We conduct extensive experiments on the Synthetic→Real ADL recognition bench-
mark [207] and make two observations. Firstly, multimodality itself is beneficial for cross-
domain ADL recognition and using body pose related data representations leads to a
significant performance boost. Secondly, our idea of generating novel ADL appearances
for training data enhancement consistently improves recognition results. Our framework
outperforms pre-existing results, demonstrating the potential of multimodal domain gen-
eration for human activity analysis without any pre-training on real data.
Note on our Terminology. Similarly to [276, 304], we define a domain as a joint distribution
𝑃𝑋𝑌 over a feature space𝒳 and a label space𝒴 . In our work, we extract multiple modalities
from synthetic data and learn to generate novel modalities. Since each modality occupies
a distinct feature subspace 𝒳 ′ and exhibits a unique appearance, we treat each modality
as a distinct domain for the purposes of domain generation. Note that this domain-as-
modality usage (e.g., RGB domain, flow domain) is distinct from the broader synthetic-
to-real domain shift (Sims4Action→Toyota Smarthome), which refers to the distribution
shift between data sources. Throughout this section, when we refer to “novel domains”
or “source domains,” we mean distinct modalities unless otherwise specified.
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Figure 13: Examples of the source 𝑋𝑘 (top row) and novel modalities 𝑋𝑘 (bottom row). H: Heatmaps,
L: Limbs, OF: Optical Flow. We use all 8 modalities 𝑋𝑘 ∪𝑋𝑘 for training and evaluate our models
on Real data.

3.3.2 Multimodal Framework for Activity Domain Generation

In this section, we introduce a multimodal framework for better domain generalization
in activity recognition, aiming to lighten the impact of appearance changes when moving
from synthetic ADL training data to real-world robotic applications. We follow the domain
generation paradigm [305] recently proposed for image recognition, extending it to the
scope of human activity analysis (Figure 12).

Conceptually, our framework produces novel modalities 𝑋𝑘 by learning to transform
given source modalities 𝑋𝑘 and comprises four main building blocks: 1) A modality extrac-
tion module used to compute multiple source modalities from the original RGB video 2)
a pre-trained domain classifier 𝐷𝐶, 3) an action classifier 𝐴𝐶, 4) and a domain generator
𝐷𝐺. As we are using each extracted modality as a source domain we refer to the source
and novel domains as source and novel modalities.

The task we address is Synthetic→Real domain generalization. We train an action
classifier 𝐴𝐶 on samples from Synthetic domains 𝑥𝑠 ∈ 𝑋𝑘 ∪ 𝑋𝑘 with action labels 𝑦 ∈
𝑌. In domain generalization, training and test data originate from distinct probability
distributions, in our case 𝑥𝑠 ∼ 𝑝𝑠𝑦𝑛𝑡ℎ𝑒𝑡𝑖𝑐 and 𝑥𝑟 ∼ 𝑝𝑟𝑒𝑎𝑙 , and test samples 𝑥𝑟 neither have
labels, nor are seen during training. Our goal is to classify each instance 𝑥𝑟 in the Real
target test domain 𝑋𝑟 , which has a shared action label set 𝑌 with the training set. For
this, we utilize the synthetic Sims4Action [207] dataset for training and the real Toyota
Smarthome [52] and ETRI-Activity3D-LivingLab (ETRI) [112] as two separate test sets.

3.3.2.1 Extracting Source Modalities

The nature of activity recognition and video data in general allows us to leverage a
wide range of modalities, such as body pose and movement dynamics, which would
not be applicable in conventional image classification. We utilize four source modalities
𝑋𝑘 , 𝑘 ∈ {0, 1, 2, 3}which are extracted directly from the training data (i.e., RGB videos).

The source modalities consist of 1) heatmaps of the body joint locations, 2) limbs
connecting the joints as lines, 3) dense optical flow extracted between each two frames, and
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4) raw RGB images (see top row of Figure 13). The heatmaps and limbs are extracted using
the AlphaPose [73, 139, 289] pose detector, which infers 17 joint locations. The heatmaps
modality ℎ(𝑥, 𝑦) at pixel (𝑥, 𝑦) is obtained by applying 2D gaussian maps, centered at each
joint location (𝑥𝑖 , 𝑦𝑖) and weighted by its confidence 𝑐𝑖 as seen in Equation 1.

ℎ(𝑥, 𝑦) = 𝑒𝑥𝑝

(−((𝑥 − 𝑥𝑖)2 + (𝑦 − 𝑦𝑖)2)
2𝜎2

)
· 𝑐𝑖 (1)

The limbs domain is composed by connecting the joints with white lines and weighting
each line by the smaller confidence of its endpoints. The optical flow is estimated using the
Gunner-Farneback method [74]. We refer to these modalities as the four source modalities
𝑋𝑘 (see top row in Figure 13).

3.3.2.2 Domain Classifier

Softmax
L

OF

RGBH: Heatmaps, L: Limbs, OF: Optical Flow

ResNet-18 H

Figure 14: Domain Classifier (DC): Overview of inference and training. The DC model is pre-
trained end-to-end on Sims4Action.

The domain classifier 𝐷𝐶 is trained on the synthetic Sims4Action [207] to classify the
source modalities 𝑋𝑘 with labels 𝑘 ∈ {0, 1, 2, 3} as shown in Figure 14. Afterwards, its
weights are frozen and it is utilized for training the domain generator 𝐷𝐺. The frozen
𝐷𝐶 is used to obtain embeddings from the source 𝑋𝑘 and novel modalities 𝑋𝑘 as seen in
Figure 15. The Sinkhorn distance [46] between the embeddings is utilized as a distribution
divergence metric and it is used to compute the Novelty Loss for each source-novel modality
pair (𝑋𝑘 ,𝑋𝑘) and the Diversity Loss for all novel-novel pairs (𝑋𝑘 ,𝑋𝑙)𝑘≠𝑙 (see Equations 2,
3). The error gradient is propagated back to the domain generator 𝐷𝐺 and conditions
it to produce novel modalities, which are both diverse and different from the source
modalities.

3.3.2.3 Domain Generator

The goal of the domain generator 𝐷𝐺 is to extend and diversify the synthetic training
data from Sims4Action [207]. The𝐷𝐺model is trained on the four source modalities𝑋𝑘 to
generate four novel modalities𝐷𝐺(𝑋𝑘) = 𝑋𝑘 , which should be as diverse as possible, while
remaining semantically and structurally consistent. The diversity of the new modalities is
enforced by the Novelty and Diversity loss terms ℒ𝑁𝑜𝑣𝑒𝑙𝑡𝑦 and ℒ𝐷𝑖𝑣𝑒𝑟𝑠𝑖𝑡𝑦 . The Novelty Loss
maximizes the distribution divergence between the source and novel modalities, while
the Diversity Loss maximizes the distribution divergence between each pair of generated
novel modalities. The divergence measure we use is the Sinkhorn distance [46] 𝑑(·, ·)
between the embeddings obtained by the domain classifier and is computed as illustrated
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:  Source / Novel modality
:  Sinkhorn Distance

Embed

Novelty Loss Diversity
Loss

Embed

:  Gradients

Sinkhorn Distance between modality embeddings 

Figure 15: Domain Classifier: Computation of the Novelty Loss for all source-novel modality
pairs (𝑋𝑘 ,𝑋𝑘). Note that the Diversity Loss is computed the same way with all novel-novel pairs
(𝑋𝑘 ,𝑋𝑙)𝑘≠𝑙 .

in Figure 15. To ensure that the new modalities are dissimilar to the source modalities and
are also dissimilar to each other these two loss terms are maximized w.r.t. 𝐷𝐺 as shown
in Equations 2 and 3.

ℒ𝑁𝑜𝑣𝑒𝑙𝑡𝑦 = max
𝐷𝐺

3∑
𝑘=0

𝑑(𝑋𝑘 ,𝑋𝑘) (2)

ℒ𝐷𝑖𝑣𝑒𝑟𝑠𝑖𝑡𝑦 = max
𝐷𝐺

3∑
𝑘=0

3∑
𝑙=0

𝑑(𝑋𝑘 ,𝑋𝑙) (3)

where 𝑘, 𝑙 ∈ {0, 1, 2, 3}, 𝑘 ≠ 𝑙, and 𝑋𝑘 = 𝐷𝐺(𝑋𝑘).
Furthermore, the domain generator is conditioned to preserve the semantic and struc-

tural consistency of the actions in the novel modalities by minimizing the action Classifi-
cation Loss ℒ𝐶𝑙𝑎𝑠𝑠 and the Reconstruction Loss ℒ𝐶𝑦𝑐𝑙𝑒 .

ℒ𝐶𝑙𝑎𝑠𝑠 = min
𝐷𝐺

3∑
𝑘=0

ℒ𝐶𝐸(𝐴𝐶 𝑓 (𝑋𝑘),𝑌𝑘) (4)

ℒ𝐶𝑦𝑐𝑙𝑒 = min
𝐷𝐺

3∑
𝑘=0

||𝐷𝐺(𝐷𝐺(𝑋𝑘)),𝑋𝑘||1 (5)

where 𝑌𝑘 is the ground-truth action label, ℒ𝐶𝐸 is the cross-entropy loss, and 𝐴𝐶 𝑓 is the
frozen action classifier pre-trained on Sims4Action’s [207] source modalities𝑋𝑘 (explained
in Section 3.3.2.6). Note that we train on mini-batches. For this reason, 𝑋𝑘 ,𝑋𝑘 ,𝑌𝑘 refer to
individual batches of size 𝐵 in all equations, rather than the whole dataset.

3.3.2.4 Action Classifier

The action classifier 𝐴𝐶 is firstly pre-trained only on the source modalities 𝑋𝑘 and then
trained further on both 𝑋𝑘 and 𝑋𝑘 to assign the correct activity label. This encourages the
model to learn representations in both the source and novel modalities and results in a
larger and a more heterogeneous training set. The novel modalities increase the diversity
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of the training samples as their distribution differences are maximized by ℒ𝑁𝑜𝑣𝑒𝑙𝑡𝑦 and
ℒ𝐷𝑖𝑣𝑒𝑟𝑠𝑖𝑡𝑦 , which leads to a more versatile training dataset. The generation of𝑋𝑘 can hence
be viewed as a method for data augmentation.
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Figure 16: Example of 𝐴𝐶 training with three modalities (𝑘 = 2). The input sequences are concate-
nated along the channel dimension 𝐶. The action classifier 𝐴𝐶 is trained on both the source 𝑋𝑘
and novel 𝑋𝑘 modalities for action recognition and makes separate predictions for both. Note that
the input to the 𝐴𝐶 model is sequence-based (𝑆 = 16) as opposed to the image-based 𝐷𝐶 and 𝐷𝐺
(𝑆 = 1). Its frozen copy 𝐴𝐶 𝑓 is pre-trained on the source modalities from Sims4Action and is only
used for the computation of ℒ𝐶𝑙𝑎𝑠𝑠 in Equation 4. The error gradient from 𝐴𝐶 𝑓 flows back to the
novel modalities as its prediction is used to train 𝐷𝐺 with ℒ𝐶𝑙𝑎𝑠𝑠 (Eq. 4).

3.3.2.5 Model Architectures

As our action classifier 𝐴𝐶, we utilize a 3D-CNN model to exploit the temporal features
in the videos, which are important for action recognition [100, 255, 265]. 3D-CNN models
such as the Inflated 3D-ConvNet (I3D) [30] have shown remarkable performance in recog-
nition for ADL [30, 52]. Our action classification 3D-CNN model is implemented with the
Separable 3D architecture (S3D) [288]. The S3D model leverages separable convolutions
and replaces most of the 3D convolutions of I3D with cheaper 2D convolutions to reduce
the complexity while maintaining the performance of I3D. For the domain classifier 𝐷𝐶
we employ ResNet18 [102] to learn to classify all source modalities (see Figure 14). Lastly,
the domain generator 𝐷𝐺, which also operates on single images, is modeled after Zhou
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et al. [305] and consists of two down-sampling conv-layers, two residual blocks [102] with
instance normalization [261] and two transposed conv-layers to up-sample back to the
input’s size.

3.3.2.6 Training Procedure

All of our models are trained only on Sims4Action [207]. The 𝐴𝐶 model is evaluated in
the end on the real Toyota Smarthome [52] and ETRI [112] datasets to test its capability for
domain generalization. The rest of the models are used only for the computation of loss
terms - 𝐴𝐶 𝑓 ,𝐷𝐶, or for enhancing 𝐴𝐶’s training data - 𝐷𝐺. The domain classifier 𝐷𝐶 is
trained on Sims4Action to distinguish the source modalities 𝑋𝑘 as seen in Figure 14. Then
the 𝐷𝐶 model is frozen and used solely for the computation ofℒ𝑁𝑜𝑣𝑒𝑙𝑡𝑦 andℒ𝐷𝑖𝑣𝑒𝑟𝑠𝑖𝑡𝑦 as
in Figure 15 for the rest of the training.

Before we jointly train the other two models𝐴𝐶 and𝐷𝐺, we pre-train an action classifier
on all source modalities𝑋𝑘 . We then produce two copies of the pre-trained action classifier
- the first copy 𝐴𝐶 𝑓 is frozen and used only to enforce the semantic consistency of the
domain generator in ℒ𝐶𝑙𝑎𝑠𝑠 (see Equation 4). The second copy 𝐴𝐶 is further fine-tuned
on both the source 𝑋𝑘 and novel modalities 𝑋𝑘 with the cross-entropy loss. Only the 𝐴𝐶
model is evaluated in the end on the real Toyota Smarthome and ETRI datasets.

loss computation In each iteration, a sequence of images is sampled from random
chunks of the training videos from all source modalities 𝑋𝑘 . The modality images from
the sequence are concatenated along the channel dimension and are used to train the 𝐴𝐶
model. Each individual image from the sequence is transformed by 𝐷𝐺 into the novel
modalities 𝑋𝑘 , which are reshaped into image sequences (see Figure 16 top-left). The
novel modality sequences are again concatenated along the channels and fed to 𝐴𝐶 and
𝐴𝐶 𝑓 . The weights of 𝐴𝐶 𝑓 are not updated, but its error is propagated back to the domain
generator to compute ℒ𝐶𝑙𝑎𝑠𝑠 as seen in the red arrows in Figure 16. The Novelty and
Diversity loss terms are computed with the help of the frozen𝐷𝐶 model and the Sinkhorn
distance [46] (see Figure 15). Finally the Reconstruction Loss is computed by iterating over
all source and novel modality images and applying Equation 5. The final loss function
ℒ𝐷𝐺 for the 𝐷𝐺 model is:

ℒ𝐷𝐺 = min
𝐷𝐺

𝜆𝑐ℒ𝐶𝑙𝑎𝑠𝑠 +𝜆𝑟ℒ𝐶𝑦𝑐𝑙𝑒 −𝜆𝑑(ℒ𝑁𝑜𝑣𝑒𝑙𝑡𝑦 +ℒ𝐷𝑖𝑣𝑒𝑟𝑠𝑖𝑡𝑦) (6)

where 𝜆𝑐 ,𝜆𝑟 ,𝜆𝑑 are balancing parameters for the loss terms.
The 𝐴𝐶 model is trained on both the source and novel modality sequences. Hence, the

Task Loss ℒ𝐴𝐶 is:

ℒ𝐴𝐶 = min
𝐴𝐶

3∑
𝑘=0

𝛼ℒ𝐶𝐸(𝐴𝐶(𝑋𝑘),𝑌𝑘) + (1− 𝛼)ℒ𝐶𝐸(𝐴𝐶(𝑋𝑘),𝑌𝑘) (7)

where 𝛼 balances training on source 𝑋𝑘 and novel modalities 𝑋𝑘 and the other terms
follow the notation of Equation 4.

3.3.2.7 Evaluation Procedure

During test-time, we use the action classifier 𝐴𝐶 to perform action recognition on the real
test datasets. We extract the pose and optical flow modalities from the real test samples
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so that they match the input format of the 𝐴𝐶 network. The model is evaluated using
balanced accuracy (mean per-class accuracy) as the primary metric, since real-world
datasets have unbalanced class distributions. We also report unbalanced accuracy for
consistency with prior work [207], though this metric is biased towards overrepresented
categories.

3.3.3 Experimental Results

Figure 17: t-SNE visualization of the domain generator’s bottleneck layer embeddings. Each modal-
ity (both source and novel) forms distinct clusters, confirming that the generator has learned to
create diverse, non-overlapping modality distributions.

3.3.3.1 Benchmark Details

We focus on domain generalization between simulated and real data using
Sims4Action [207] as a training dataset. For testing, we use real data, which originates
from the Toyota Smarthome [52] and ETRI [112] datasets. Sims4Action provides ten hours
of synthetic video material recorded from the computer game Sims 4, covering 10 basic
human actions of daily living which have direct correspondences in the two real datasets.

Toyota Smarthome [52] contains video material of 18 subjects performing 31 unscripted
activities of daily living within a single apartment, and ETRI [112] is composed of 50
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Table 9: Comparison of our model to state-of-the-art results on the Synthetic→Real bench-
mark [207] and to three additional domain generalization methods - TA3N [35], APN [293], and
VideoDG [293].

Approach Pre-training Toyota SmartHome Etri Activity
Balanced
Accuracy

Unbalanced
Accuracy

Balanced
Accuracy

Unbalanced
Accuracy

Random Choice None 10.00 10.00 10.00 10.00

Currently reported state-of-the-art results on the SYNTHETIC→REAL benchmark

S3D [30, 207] None 12.40 19.95 11.71 13.86

S3D [30, 207] Kinetics-400 [123] 23.25 22.75 23.45 28.57

Other domain generalization methods on the SYNTHETIC→REAL benchmark

TA3N [35] ImageNet [59] 14.19 14.44 25.11 35.12

APN [293] ImageNet [59] 22.09 17.19 27.97 37.67

VideoDG [293] ImageNet [59] 25.71 21.12 25.55 41.09

Our model with domain generation (best modality combination)

Ours None 27.73 32.20 29.05 41.88

subjects performing 55 actions recorded from various perspectives representative of robot
placements in home environments. However, we use only the 10 action correspondences
to Sims4Action from both real datasets for our evaluation. We use the official cross-subject
test split from Toyota Smarthome [47, 52], in which 7 of the subjects are reserved for testing.
The same protocol is adopted in the state-of-the-art results [207] on the Synthetic→Real
benchmark. For ETRI, we use the unsupervised domain adaptation protocol from [125]
and use the whole dataset for testing.

As our evaluation data was collected in real households [52, 112], the number of samples
per activity class is unbalanced and follows a Zipf-like distribution rather than a uniform
one. We therefore focus on the balanced accuracy (mean per-class accuracy) as our main
evaluation metric and additionally report the unbalanced accuracy (correct prediction rate
among the complete test set). Note, that while we also evaluate the unbalanced accuracy
to be consistent with [207], the metric is highly biased towards overrepresented categories
in the test set and should be taken with caution especially in real-life datasets, where the
categories are not evenly distributed.

3.3.3.2 Qualitative Analysis

First, we inspect the domain generation results produced by the domain generator 𝐷𝐺
provided in Figure 13. The model has learned to produce novel appearances that differ
substantially from photorealistic rendering (Figure 13, bottom row). This demonstrates a
key insight: visual realism is not a prerequisite for cross-domain utility. Despite their
unconventional appearance, these generated modalities improve recognition on real-
world data (Table 10), establishing that distributional diversity—rather than appearance
fidelity—drives domain generalization. The activity semantics are preserved through the
classification loss ℒ𝐶𝑙𝑎𝑠𝑠 , ensuring that motion patterns remain recognizable even as vi-
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sual appearance diverges from source modalities. Note that the movement typical for the
activity is more obvious in video results than in still images.

To better understand the learned representations, we visualize the output of the do-
main generator’s bottleneck layer with the t-distributed stochastic neighbor embeddings
(tSNE) [153] in Figure 17. The embeddings are produced by sampling 10 random frames
from each video from the Sims4Action dataset for each of the source modalities. Each
image sample is fed to the domain generator and its embedding is used for the t-SNE vi-
sualization. The𝐷𝐺model is then applied again to the novel modalities 𝑋𝑘 to obtain their
embeddings. The plot in Figure 17 shows that each modality forms an individual cluster
of points. This confirms that the generator has learned features which help differentiate
between all 8 modalities 𝑋𝑘 ∪ 𝑋𝑘 . Furthermore, the modalities span a wider and non-
overlapping distribution in the latent space, i.e. the training dataset has been diversified
by adding the novel modalities 𝑋𝑘 , which leads to better domain generalization.

3.3.3.3 Quantitative Results

In Table 10, we compare the 𝐴𝐶s trained only on the source modalities 𝑋𝑘 to the ones
which are trained including the generated novel modalities 𝑋𝑘 . All modalities 𝑋𝑘 ∪ 𝑋𝑘
are produced from Sims4Action [207] only. Additionally, we consider all 15 modality
combinations and evaluate all models on the real Toyota Smarthome [52] and ETRI [112]
datasets via the balanced and unbalanced accuracy metrics.

For most combinations, the extension of the training dataset with novel modalities in-
creases the balanced accuracy significantly, in some cases by up to 13 percentage points
(ETRI: L). This is especially prevalent in multi-modal settings joined over early fusion,
and we hypothesize that the generation of additional data alleviates overfitting prob-
lems which arise when training a larger, multi-modal model. Optical flow (OF) profits
the least from this technique when combined with other modalities; in some cases, it
performs worse than the baseline. This might be explained by OF’s low accuracy on the
Synthetic→Synthetic benchmark (44%), i.e. OF is a weak modality on Sims4Action. How-
ever, performance losses in these cases are small in comparison to the significant gains
which are achieved by the other combinations. We do list unbalanced accuracy as well,
which provides similar results. Note that the improvement depends on the modality com-
bination and test dataset. However, the average improvement for the balanced accuracy
for Toyota Smarthome/ETRI is +3.1%/+2.8% and +4.7%/+8.0% for unbalanced accuracy.

These consistent improvements across both test datasets demonstrate that learned do-
main generation improves cross-domain robustness without requiring target domain
access or real-world pretraining. The gains validate the domain generation paradigm for
activity recognition, establishing that synthetic modality augmentation provides a com-
plementary approach to target-specific adaptation methods (Section 3.2). While adapta-
tion techniques calibrate predictions to known target distributions, domain generation
diversifies training data to improve robustness across unknown target domains, making
it particularly suitable when target characteristics are unavailable during training.

Beyond validating the domain generation paradigm, these experiments provide a sys-
tematic multimodal analysis of synthetic-to-real transfer for activity recognition. By eval-
uating all 15 combinations of source modalities (RGB, heatmaps, limbs, optical flow) both
with and without novel domain augmentation, we establish which representations sup-
port cross-domain transfer most effectively. Pose-based representations (heatmaps, limbs)
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achieve stronger cross-domain transfer than appearance-based modalities, with limbs
reaching 27.7% balanced accuracy on Toyota Smarthome and 29.1% on ETRI. The multi-
modal analysis reveals that early fusion benefits substantially from domain augmentation,
with particularly large improvements observed for limbs on ETRI (+13.0%). This suggests
that generated domains particularly alleviate overfitting in larger multimodal models,
where additional training variation proves most beneficial.

3.3.3.4 Comparison to State-of-the-art and Other Approaches

In Table 9 we compare the best results achieved by our approach (i.e., the best modality
variants from Table 10 marked in bold), and compare them with current state-of-the-art re-
sults on the Sims4Action Synthetic→Real benchmark [207]. We also compare our method
to three other domain generalization methods: TA3N [35], APN [293], and VideoDG [293].
To this end, we train all three models end-to-end on Sims4Action [207] and follow the
same evaluation protocols for Toyota Smarthome [52] and ETRI [112], which we used for
our approach in Section 3.3.3.3.

Despite not making use of real-world pretraining, we improve upon the previous
state-of-the-art on the Sims4Action→Real benchmark [207], which achieved 23.25% bal-
anced accuracy on Toyota Smarthome using S3D with Kinetics-400 pretraining. Our ap-
proach reaches 27.73% balanced accuracy and 29.05% on ETRI, establishing new state-
of-the-art results through synthetic domain augmentation alone. Our method also con-
sistently outperforms the other domain generalization methods TA3N [35], APN [293],
and VideoDG [293]. APN and VideoDG also outperform the previous state-of-the-art on
some metrics, which supports the claim that a domain generalization strategy for the
Synthetic→Real benchmark is beneficial.
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3.4 chapter conclusion

Systematic evaluation requires controlled benchmarks. Sims4Action pairs gaming-based
synthetic data from The Sims 4 with real-world evaluation on Toyota Smarthome un-
der standardized protocols, supporting systematic comparisons of transfer methods and
serving as a domain adaptation testbed.

Mitigation relied on two complementary strategies. Adaptation methods explicitly align
synthetic and real distributions: OT-DAKD uses optimal-transport-based prediction cali-
bration with pose-based representations, assuming a known target distribution and im-
proving Sims4Action performance. Generalization methods improve robustness without
target-domain access: MMGen evaluates multiple modality combinations and shows that
distributional diversity drives cross-domain transfer.

Despite this progress, the limited controllability of gaming-based generation motivates
more involved simulator-based approaches. The next chapter examines parametric body
models, which offer two advantages over gaming platforms: (1) controlled rendering
with systematic variation in pose, appearance, and viewpoint, and (2) applicability for
biomechanical simulation coupling visual observations with physiological signals such
as muscle activations, enabling research on motion beyond what cameras capture.

3.4.1 Contributions to Cross-Domain Synthetic Data Transfer

Contribution 1: To evaluate synthetic-to-real transfer characteristics of deep neural
networks for the recognition of activities of daily living, we establish Sims4Action,
pairing life simulation game-based synthetic data from The Sims 4 with real-
world evaluation on Toyota Smarthome. Sims4Action quantifies domain gaps and
provides standardized protocols for cross-domain methods, serving as a domain-
adaptation and generalization testbed.

Contribution 2: To bridge synthetic→real gaps identified by Sims4Action, we in-
troduce Optimal Transport-based Domain Adaptive Knowledge Distillation (OT-DAKD),
combining pose-aligned features with knowledge distillation. OT-DAKD shows
that target marginal constrained domain adaptation can mitigate appearance and
motion gaps between synthetic training and real evaluation.

Contribution 3: To improve cross-domain robustness without target domain
knowledge, we introduce MMGen, a framework for systematic multimodal domain
generation. Building on findings from Section 3.2 that pose-based representations
facilitate transfer, MMGen shows that modality diversity can drive cross-domain
robustness. By generating novel training modalities through adversarial optimiza-
tion while preserving semantic content, MMGen provides an effective alternative
when target characteristics are unknown.
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The previous chapter addressed synthetic-to-real domain gaps through bench-
marking, adaptation, and generalization. This chapter explores a different ap-
proach, i. e. the use of parametric human body models for controllable synthetic
data generation. The SMPL (Skinned Multi-Person Linear) model [150] and its ex-
tensions provide a unified representation which connects visual observations to
biomechanical understanding. These models enable a bidirectional mapping: neu-
ral networks estimate SMPL parameters from video, whereas the same parameters
regenerate synthetic humans which display identical motion. This chapter exam-
ines two questions: (1) How can parametric body models enable large-scale synthetic
data generation, and does pre-training on such data improve real-world action recogni-
tion? (2) Can parametric body models combined with biomechanical simulation software
enable muscle activation datasets at scale, and which architectures effectively learn pose-
to-muscle activation mappings? Both works build on motion sequences from the
AMASS dataset [155] and thereby demonstrate different applications of paramet-
ric body models, across visual and biomechanical simulation. Section 4.1, based on
our ICRA 2024 publication [219], addresses the first question through SynthAct, a
Unity-based renderer which generates large-scale multi-view synthetic data. Sec-
tion 4.2, based on our NeurIPS 2024 publication [221], addresses the second ques-
tion through Muscles in Time (MinT), which combines parametric body models
with OpenSim biomechanical simulation for muscle activation data generation.

Parametric human body models present a structured representation of human shape
and pose through learned statistical models. The SMPL model [150] and its extensions
(SMPL-H [211], SMPL-X [186]) represent human bodies through shape parameters (body
proportions), pose parameters (joint rotations), and surface mesh vertices. This parametric
formulation allows for a bidirectional mapping between visual observations and synthetic
data generation. Modern neural networks estimate SMPL parameters from RGB or depth
video, whereas rendering engines reconstruct photorealistic synthetic humans from these
parameters. The same motion sequence can be observed through multiple modalities, e. g.
visual appearance, skeletal pose, or depth maps, or it can be transferred to biomechanical
models for physiological analysis. This dual capability turns SMPL-based models into a
basis for scalable and controllable synthetic data generation.

The works presented in this chapter demonstrate two different applications of para-
metric body models for synthetic data generation. SynthAct makes use of body model
rendering for large-scale multi-view synthetic data creation. By combining motion capture
sequences from AMASS [155] with SMPL-based body rendering in Unity, the framework

57
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generates synchronized multi-camera perspectives without requiring expensive multi-
view recording infrastructure. This approach addresses a major challenge in multi-view
learning: real-world multi-camera datasets remain scarce due to recording complexity,
whereas synthetic multi-view data generation becomes straightforward through virtual
camera placement. Muscles in Time extends body model synthesis to biomechanical sim-
ulation and works with the same AMASS motion sequences. SMPL’s consistent surface
correspondence enables mapping 3D points across frames. This allows for the transfer of
motion data to OpenSim musculoskeletal models [58] for muscle activation simulation.

A unique advantage of body model synthesis emerges from using body motion as
a cross-dataset anchor. The same motion sequence can link RGB video (from SynthAct),
muscle activations (from MinT), depth maps, skeletal pose, and additional modalities. This
creates potential for multi-modal learning without simultaneous capture of all modalities.
While we focus on these two approaches individually, this shared basis opens possibilities
for future research which combines visual, skeletal, and physiological modalities.

4.1 motion capture-based synthetic data generation

This section is based on our paper published at ICRA 2024 [219]. © 2024 IEEE.

Can purpose-built synthetic data achieve state-of-the-art performance on real-world action recog-
nition benchmarks? This section presents SynthAct, a versatile Unity-based synthetic gen-
erator, and AMARV, an 800,000-video dataset that demonstrates synthetic data can not
only transfer to real-world scenarios but enable real-world performance improvements
while addressing privacy concerns inherent in large-scale data collection.

In the field of computer vision and machine learning, the ethical implications of data
collection are increasingly important. Large-scale datasets like Kinetics [30], often scraped
from the web, have advanced the field of human action recognition but come with draw-
backs. These datasets frequently include videos collected without the knowledge or con-
sent of the individuals involved, a practice raising privacy and consent concerns. Particu-
larly in domestic or human-robot interaction scenarios, as robotic systems become more
common in household settings, the need for privacy preserving data collection becomes
more urgent. Focusing exclusively on body pose sequences in the data collection process
represents a significant advancement in this direction which mitigates privacy concerns.
While pose-based action recognition methods make use of this paradigm, they cannot
maintain the advantages of video based human action recognition.

Creating a synthetic dataset for human behavior is a challenging task due to the wide
range of variables such as body types, appearances, clothing styles, and backgrounds, both
indoor and outdoor, as well as different activities and motion styles. Existing databases
often focus on specific use-cases [151, 207, 266] or offer a narrow range of categories [44,
56]. To address these limitations, we introduce a synthetic data generator for human
action recognition. Developed using the Unity engine, SynthAct leverages body shape and
movement models from SMPL-H [211] to create a diverse range of human appearances.

For large-scale pretraining, we leverage SynthAct to introduce the Archive Of Motion
Capture As Rendered Videos (AMARV), which is based on the AMASS [155] motion cap-
ture dataset. By incorporating state-of-the-art 3D pose estimation techniques, SynthAct
can be applied to arbitrary human action datasets without the need for labeled ground
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Figure 18: The four camera views of SynthAct
(top) and corresponding depth maps (below).

Figure 19: Random camera positions.

truth poses. To demonstrate the applicability of SynthAct to in-the-wild scenarios, we cre-
ate the Synthetic Smarthome dataset as a counterpart to Toyota Smarthome [52], avoiding
the use of ground truth poses.

4.1.1 Implementation

An overview of our Unity-based data generation pipeline is provided in Figure 20. In
our experiments we use the publicly available AMASS database [155] in combination
with BABEL labels [195] or pose sequences extracted with 4DHumans [89] from Toyota
Smarthome [52] as motion source. Diverse clothing styles and textures are either adapted
from Multi-Garment Net [16] or generated through stable diffusion [209] and adapted
with Blender [43], and virtual humans are placed into heterogeneous 3D environments
in form of license free HDRI images obtained from Poly Haven [191].
Motion diversity Using the AMASS dataset [155] as a source of action animation se-
quences for our data generator provides high quality motion capture animations. We
limit ourselves to the 10,892 motion capture sequences which are provided with dense
annotations by the BABEL language label dataset [195]. For Synthetic Smarthome we
make use of 4DHumans, a 3D pose and shape estimation network. By estimating 3D pose
from 2D video data, 4DHumans induces significant jitter, especially on the z-axis of the
root node as well as false positive recognitions. We make use of simple thresholding and
SLERP interpolation smoothing to restrict to higher quality motions.
Body model and animation AMASS provides its motions in form of the SMPL-H body
model [211]. SMPL-H is a parametric model with Shape Blend Shapes, which enable the
depiction of people with varying body proportions. In our dataset we specifically try to
address discriminating biases and therefore actively cover a wide range of body shapes
by randomly varying blend shape parameters within manually chosen bounds in order
to improve the generalization of action recognition models.
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AMASS MultiGarment 
Dataset

Body TexturesMotions Backgrounds
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Diffusion
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Action Segment Annotations
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Figure 20: Overview of our data generation pipeline using multiple publicly available data sources.

Body and background textures Our main source of clothing textures is the data pub-
lished by Multi-Garment Net [16] which includes 98 body clothing textures. A downside
of this data is that it mainly depicts young to middle aged males, mostly Caucasian and
always with exactly the same face. In order to address this, we generate front and back
views of realistic body textures with stable diffusion [209] for eight younger and eight
older female characters with varying ethnic backgrounds. Part of our dataset consists of
scrambled textures; we crop individual subregions of full body textures like left and right
arm or leg and randomly mix them with each other, resulting in a total of 1240 different
textures. We made sure to balance male and female source textures for this process. To
set up multiple different background scenes for the motions, we make use of a total of
201 HDRI images from Poly Haven [191] as skybox backgrounds which we selected to
represent a roughly equal amount of 103 indoor scenes and 98 outdoor scenes.
Varying lighting Variations in lighting are known to have a major impact on the qual-
ity of vision based recognition systems [128]. In our scenes, part of the lighting comes
from HDRI images, the intensity can be adjusted to create strongly or weakly lit environ-
ments. However, the background light is not sufficient to properly illuminate the person.
Therefore, four light sources were integrated at the positions of the cameras to obtain
similar lighting conditions from all angles. In order to create diverse and realistic lighting
settings, we randomly parameterize the foreground and background lighting intensity
within manually selected bounds.
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Table 11: Supervised training on AMARV.

Model Init Accuracy Bal. Acc.

Top-1 Top-5

Val-as-test-260

X3D-S 41.35 73.10 12.1

MViTv2-S MF-A 41.3 73.4 12.7

Val-as-test-120

X3D-S 42.2 71.7 21.8

MViTv2-S MF-A 42.3 72.4 23.2

Val-as-test-60

X3D-S 44.8 75.4 28.8

MViTv2-S MF-A 45.1 76.3 28.5

Table 12: Synthetic data approaches fine-
tuned on NTU RGB+D.

Method & Training NTU 60

CS CV

HPM𝑅𝐺𝐵 + Traj [147] S 75.8 83.2

SURR[266] R 89.0 93.1

SURR[266] S+R 89.6 94.1

X3D-S A→ R 88.54 97.2

MViTv2-S MF-A→ R 93.8 98.6

S = Synthetic data R = Real data
A → R = Supervised pre-training on
AMARV then fine-tuning on real data only
MF-A → R = Masked feature pre-
training [281] on AMARV then fine-tuning
on real data only

Multi view recordings One of the features of our synthetic data generator is the use
of four simultaneously recording cameras (front, left, right and back camera; Figure 18).
While keeping the actor in the image center, each camera is allowed to randomly position
itself for each individual clip within ±30◦ in a 2D plane, resulting in a large range of
possible camera angles, see also Figure 19. It is possible to recover the exact angle of a
camera from recorded metadata, allowing for a finer differentiation of multiple views. We
evaluate the covered space of each animation before rendering it and then arrange the
cameras around the center of that area with a minimal distance, ensuring that an actor
coming up close to the camera will never walk past it.
Multi-modal data output SynthAct captures depth information, 2D and 3D bounding
boxes, body keypoints, pixel normals, and segmentation maps for each person in the scene
in addition to the ground truth labels of the animations. Furthermore, meta-information
such as camera and light source pose, light source intensity values and background
information are saved frame wise.

Raw depth data requires significant amounts of storage up to a point which is infea-
sible for a dataset like AMARV. To reduce the required storage space and enable us to
use common video compression algorithms, we apply the slightly adapted approach of
Sonoda et al. [241] to convert depth values to RGB by mapping them to hues. The map-
ping induces a resolution of about 1530 different values. To minimize the loss of accuracy
during conversion, we analyze the motion range in the z-axis and perform z-cropping,
meaning that we map the closest and furthest point in the scene to the available range.
By doing so, we achieve a varying precision for our videos ranging from sub-millimeter
precision for motions with little z-movement to 10 mm precision for motions with 15 m of
z-movement. Both values are within the expected precision of a modern real world depth
estimation camera.
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Table 13: Cross-view-subject evaluation on NTU RGB+D, comparison with SURREACT.

Training data 0° 45° 90°

SURREACT [266] R 86.9 74.5 53.6

X3D-S R 86.4 77.8 60.4

SURREACT [266] S→ R 84.1 77.5 66.2

X3D-S A→ R 89.9 81.8 68.0

MViTv2-S MF-A→ R 94.4 84.5 65.1

SURREACT [266] S + R 89.7 82.0 69.0

4.1.2 Experiments

We provide a pipeline for generating synthetic videos from in the wild human action data
in order to partially or fully replace it during training. In Section 4.1.2.1, we list results
on pre-training on our large scale dataset AMARV. Fine-tuning on NTU RGB+D for both,
RGB and depth based action recognition is evaluated in Section 4.1.2.2 and Section 4.1.2.3.
In Section 4.1.3 we make use of Synthetic Smarthome and supplement as well as replace
real world data with the intention to maintain performance and in Section 4.1.3.1 we
analyze the domain gap between data generated by SynthAct and real world datasets.
Architectures and Training We make use of multiple neural network architectures for
our experiments. For end-to-end pre-training on AMARV in Section 4.1.2.1 as well as for
downstream experiments in Section 4.1.2.2, we select a commonly used convolutional
neural network, X3D-S, as well as a commonly used visual transformer architecture,
MViTv2-S. For each network we choose the small configuration which allows for training
on AMARV in a reasonable amount of time without access to large scale hyperscalers. In
Section 4.1.3 we also use MViTv2-S, but since we focus on synthetic data in the downstream
dataset we initialize the model with Kinetics pre-trained weights. For feature extraction
based experiments in 4.1.3.1 as well as depth based action recognition on AMARV and
NTU RGB+D, we make use of the pre-trained Omnivore[87] network which is based
on Swin-B. All our experiments can be reproduced with four NVIDIA A100 GPUs or
comparable. Unless noted otherwise, fine tuning is performed for 100 epochs with batch
size 128 for X3D-S and 48 for MViTv2-S.
Datasets For our experiments we make use of Toyota Smarthome [52] and AMASS [155] in
combination with BABEL [195] as motion source and for experiments. NTU RGB+D [228]
is used as downstream dataset.

4.1.2.1 AMARV Pre-Training

The BABEL annotations from Punnakkal et al. [195] provide more than one label for many
AMASS segments which does imply a multi-label problem but the authors decided to
ignore the multi-label property and instead chose to sample segments multiple times,
once for each possible label. We follow them in this decision. This inhibits a perfect Top-
1 score on AMARV, since a clip will be evaluated multiple times with different labels.
Following [195], we list Top-5 accuracy to mitigate this problem. BABEL does not provide
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Figure 21: Gain of pre-training on AMARV over Omnivore baseline on NTU RGB+D [228] using
depth only. We plot the gain in per-class Top-1 accuracy for the top ten and bottom ten classes.
Pre-training on AMARV improves the Top-1 accuracy on 52 out of the 60 total classes.

the test set labels, for this reason we propose to publish results by using the official BABEL
validation set for testing and refer to this protocol by val-as-test.

X3D-S is trained from scratch for 300 epochs, for MViTv2-S we apply the self-supervised
masked feature approach from [281] for 230 epochs which we refer to as MF-A, followed
by 70 epochs of supervised training.

We list our results in Table 11, for all as well as the most frequent 120 or 60 classes.
Despite their different architectures, both networks perform very similarly on AMARV.

4.1.2.2 Fine-tuning on NTU RGB+D

We consider AMARV as a dataset for large scale synthetic human action video pre-training
and therefore evaluate models by fine-tuning performance on downstream datasets. We
list supervised fine-tuning of X3D-S pre-trained on AMARV (A→ R) or MViTv2-S with
masked feature pre-training (MF-A→ R) in Table 12.

On NTU RGB+D we can compare to the experiments from Varol et al. [266] who publish
full fine-tuning results based on mixed synthetic SURREACT and real data training (S +
R). X3D-S pre-trained on AMARV outperforms [266] on the cross-view split and performs
almost equal on the cross-subject split. MViTv2-S significantly improves over the results
of [266] on both NTU RGB+D splits. Note that SURREACT [266] makes use of mixed
synthetic and real data for training while we use synthetic data of AMARV only for
pretraining since our synthetic data has no direct correspondence to NTU.
Cross-view-subject comparison. Varol et al. [266] specifically designed SURREACT to
improve cross-view performance. They extended the cross-subject evaluation protocol on
NTU RGB+D by only allowing training on front view videos while testing individually
on the 0°, 45° and 90° views. Our results are listed in Table 13, we do not use synthetic
data on NTU RGB+D but only make use of our synthetic multi-view pretraining dataset.
X3D-S with synthetic pre-training on AMARV (A→ R) not only outperforms the results
of [266] on the comparable synthetic pre-training based setting (S→R) but even performs
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Table 14: NTU RGB+D [228] and AMARV using depth only. Results demonstrate that the models
pre-trained on AMARV are more generalizable and show superior fine-tuning performance on
NTU.

Method
NTU Cross-Subj. NTU Cross-View AMARV

Top-1 Top-5 Top-1 Top-5 Top-1 Top-5

TSN [277] 73.00 68.32

Dhiman et al. [61] 68.30 72.40

HPM3𝐷 [147] 71.50 70.50

DDIs [204] 84.00 82.06

Wang et al. [275] 87.73 87.37

Swin-B (OMN., frozen) 46.89 78.50 45.24 78.11

Swin-B (AMA., frozen) 62.01 91.20 63.70 92.00

Swin-B (OMNIVORE) 92.80 99.42 92.84 99.61 22.3 53.44

Swin-B (AMARV) 92.89 99.41 93.38 99.65 37.22 72.85

on par with mixed synthetic and real fine-tuning performed by [266] (S + R). MViTv2-S
with self supervised pre-training on AMARV significantly outperforms all other methods
on the front view but is not as good for the 90° view.

4.1.2.3 Depth-based Fine-Tuning

In this section, we describe our depth-based experiments on NTU RGB+D. We use Om-
nivore-B [87], which is based on Swin-B [149], as our baseline model. Omnivore is pre-
trained jointly on three datasets with different visual modalities: ImageNet-1K (images),
Kinetics-400 (videos) and SUN RGB-D (images and depth maps, but no humans). We
use the disparity maps as input for the Swin-B model. Specifically, we first reconstruct
depth maps from the depth videos coded in RGB format, and take the inverse depths, i.e.,
disparity maps, as input for the model.

We use standard image augmentation methods, such as RandAugment [45],
Mixup [297], and Random Erasing [303], following [87]. First, we compare the Swin-B
model (initialized with Omnivore-B weights) on AMARV with full fine tuning, further re-
ferred to as Swin-B Amarv or frozen backbone fine-tuning. Results in Table 14 show that
full fine-tuning (AMARV) is necessary due to the large domain gap between AMARV
and pre-training datasets of Omnivore, fine tuning of the patch embedding as well as the
classifier alone (OMNIVORE) does not provide good performance.

In order to assess the generalization capability, we carry out experiments on the NTU
RGB+D [228] dataset using the masked depth maps provided by the authors. We first
freeze the main portion while keeping the patch embedding layer and classifier of the two
models, i.e., Swin-B (AMARV) and Swin-B (Omnivore), trainable. Results in the middle
compartment of Table 14 show that the model fine-tuned on AMARV is more generalizable,
demonstrating the effectiveness of the proposed dataset. Additionally, we compute the
per-class Top-1 accuracy of these two models, and plot the gain for the top ten and bottom
ten classes in Figure 21. Furthermore, we fine-tune these two models fully on the NTU



4.1 motion capture-based synthetic data generation 65

Figure 22: Comparison between synthetically supplemented training with real-world-only exper-
iments considering varying shares of real world data on Toyota Smarthome.

RGB+D dataset, and show the results in the bottom compartment of Table 14. While
both models outperform all existing depth-based methods in all settings, the model pre-
trained on AMARV shows even superior results over the Omnivore baseline, especially in
the cross view setting.

4.1.3 Synthetic data in Downstream Datasets

This experiment assesses if synthetic data can minimize the need for real-world data
in downstream fine-tuning, particularly in privacy-sensitive, indoor scenarios like Toy-
ota Smarthome. Using our SynthAct generator, we present results on the Synthetic
Smarthome dataset which provides a counterpart to Toyota Smarthome. The Synthetic
Smarthome dataset was generated without the use of ground truth poses by employing
4DHumans [89] as pose estimation on Toyota Smarthome to extract poses and motions
and running these motions through SynthAct.

Figure 22 shows performance retention on real world data reduction across two training
splits: cross-subject, with a larger multi-view training set, and cross-view one, only offering
a single camera perspective for training. We observe that supplementing real world data
with synthetic counterparts is beneficial for smaller real world data portions (25% and
50%) but provides no gain if real world data portions are large (75% and 100%). However,
we can maintain or improve performance with 25% real world data while using 75%
synthetic data from the Synthetic Smarthome dataset. Our generator’s multi-view video
output from single view input poses notably boosts performance in the sparse cross-
view setting, allowing almost 75% reduction in real-world data (remaining with only 469
real world samples) while mostly maintaining real world performance. This is especially
relevant for privacy-sensitive scenarios like household monitoring where it is preferable
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Table 15: Toyota Smarthome comparison on
cross-subject and cross-view 1 splits.

Methods Modality mPCA (%)

Pose RGB CS CV1

P-I3D[51] ✓ ✓ 54.2 35.1

Separable STA [52] ✓ ✓ 54.2 35.2

VPN [54] ✓ ✓ 60.8 43.8

VPN+SSTA-PRS [291] ✓ ✓ 65.2 -

MMNet [22] ✓ ✓ 70.1 37.4

VPN++ [53] ✓ ✓ 71.0 -

LSTM [154] ✓ × 42.5 13.4

MS-AAGCN [232] ✓ × 56.5 -

2s-AGCN [231] ✓ × 57.1 22.1

5C-AGCN [291] ✓ × 62.1 22.8

DT [274] × ✓ 41.9 20.9

I3D [30] × ✓ 53.4 34.9

AssembleNet++ [212] × ✓ 63.6 -

VPN++ [53] × ✓ 69.0 -

Ours (R) × ✓ 71.2 42.2

Ours (S + R) × ✓ 70.5 47.8

Table 16: Similarity of synthetic datasets (in-
cluding our proposed AMARV dataset) and
three real datasets with Omnivore features.

Real Synthetic MMD KL-Div JS-Div

NTU
RGB+D
[228]

Surreact 24.89 393.89 67.05

Mixamo 51.44 502.72 103.96

AMARV 33.81 300.68 74.97

UCF-101
[242]

Surreact 33.28 501.58 118.98

Mixamo 38.49 518.28 141.23

AMARV 20.40 353.08 104.98

HMDB-51
[131]

Surreact 32.79 539.80 88.85

Mixamo 37.99 414.55 86.91

AMARV 18.27 195.61 50.52

to collect as little real world data as possible. While we are not able to solely rely on
synthetic data, we can significantly reduce the need for real world recordings.

Table 15 compares our results with existing state-of-the-art approaches for Toyota
SmartHome. Our baseline RGB-only model trained on real data achieves 71.2% mPCA
on the cross-subject split and 42.2% on the more challenging cross-view 1 split. The ad-
dition of synthetically generated data (S + R) allows us to significantly improve on the
cross-view split, achieving 47.8% mPCA; an improvement of over 5 percentage points.
Notably, this RGB-only approach with synthetic augmentation outperforms even multi-
modal methods that leverage both RGB and pose information during inference, such as
VPN [54] (43.8% on CV1) and other state-of-the-art multi-modal approaches, demonstrat-
ing that our synthetic multi-view data provides more effective cross-view generalization
than additional modalities.

4.1.3.1 Domain Analysis

In this section we examine the domain gap between the data generated by SynthAct
and real world datasets. To quantify the domain gap, we employ a pre-trained feature
extractor (Omnivore [87]) and analyze the similarity of extracted features through k-
nearest neighbor (k-NN) experiments and embed analysis.

We use the entire HMDB-51 dataset and a subset of AMARV containing the same
action classes as HMDB-51 and perform k-NN classification using Omnivore features.
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For comparison, we also test on the Mixamo synthetic dataset [44]. Results in Table 16
demonstrate that the domain gap between AMARV and HMDB-51 is smaller than that
between Mixamo and HMDB-51. AMARV features generalize better to real-world data
than Mixamo features, indicating that the SynthAct generator produces more realistic
synthetic data.

4.2 biomechanical synthetic data generation

This section is based on our paper published at NeurIPS 2024 [221].

Building on the same AMASS motion sequences used to generate AMARV in Sec-
tion 4.1, this section bridges computer vision and biomechanics by enriching these
motions with muscle activation simulations from validated musculoskeletal mod-
els. The resulting Muscles in Time (MinT) dataset enables viewing the same human
motion sequences from a biological perspective, coupling 402 muscle strand time
series with the RGB and depth information generated by SynthAct.

As explored in the introduction, neural networks for human motion understanding face
a challenge analogous to Plato’s cave: like the prisoners seeing only shadows, they rely on
indirect representations rather than direct, biologically grounded data. In Plato’s allegory,
prisoners in a cave see only shadows cast on the wall, not the true objects. Similarly, neural
networks trained on accessible data, such as RGB and depth-based video recordings or
motion capture, only perceive surface-level appearance of motion in contrast to the inner
mechanics of the human body.

Video SMPL Biomechanical models (OpenSim)

Muscles in Time Dataset

227 subjects

 402 muscle strands

 9.8h muscle activations

Gastrocnemius medialis Tibialis anterior Biceps femoris l.h.

…

Figure 23: Simulation pipeline of the Muscles in Time dataset. The SMPL representation is ex-
tracted from videos, then, the SMPL represented motions are mapped to bio-mechanically vali-
dated human body models to simulate fine-grained muscle activation, connecting computer vision
with biomechanical research. Bottom right: two activation sequences for exemplary muscles. Im-
ages from [58, 158]

.
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This reliance on external observations provides an incomplete understanding of the
true complexities of human motion. Just as the prisoners lack a direct view of the objects
casting the shadows, current models lack exposure to the internal workings of the human
body, such as the muscle activations driving motion. This gap limits their ability to develop
in-depth understanding of physical exertion or motion difficulty.

The field has progressed from camera-based motion capture and activity prediction to
pose-based recognition systems that account for the body and its motion over time. These
advances, while significant, still overlook the interplay of muscle activations driving pose
sequences and patterns that underlie physical performance.

Collecting electromyographic (EMG) data or more commonly used surface electromyo-
graphic (sEMG) data, as a measure of muscle activation, presents challenges. It is resource
intensive, requiring specialized equipment, controlled environments, and is an invasive
procedure. Existing EMG and sEMG datasets are small, limited in scope, and not repre-
sentative of the variety of human motions. These limitations hinder the development of
neural networks that can generalize across different types of motion and subjects.

While acknowledging the contributions of EMG and sEMG datasets, we identify an
opportunity to supplement this domain with a synthetic dataset that overcomes some
limitations of real-world data collection. The strength lies in its scale and detail of muscle
activation data, a feat not achievable through conventional methods alone.

Every dataset, simulated or real, has domain-specific fidelity and relevance. Real-world
recordings offer authenticity that underpins our understanding of human biomechanics,
capturing nuances such as subject-specific EMG measurements that vary over the course
of a day. Simulated datasets, like ours, offer a complementary perspective by providing
comprehensive and systematically controlled data at unprecedented scale for the under-
standing of muscle activation patterns through a scalable data acquisition pipeline.

In this work, we present a comprehensive large-scale dataset incorporating muscle
activation information. We enrich existing motion capture datasets with muscle activation
simulations from biomechanical models of the human body. Our pipeline uses simple pose
and shape sequences with estimated weight and mass to simulate muscle activations
for individual movements. Using this, we generate the muscles’ activation that fit the
provided human motions. Figure 23 provides an overview of our pipeline.

We showcase the utility of muscle activations as an additional data type for human
motion understanding and gather insights by visualizing our data. Our dataset, with its
magnitude and detail, describes muscle activation across a wide array of movements. By
enhancing the state of available data to other researchers, we expand the potential for
scientific investigation and innovation in the study of human motion.

4.2.1 The Muscles In Time dataset

To develop the Muscles in Time (MinT) framework, we harnessed the AMASS dataset,
which consolidates marker-based motion capture (mocap) sequences into a uniform rep-
resentation using the MoSh++ method, resulting in Skinned Multi-Person Linear Model
(SMPL) parametric representations for body pose and shape. AMASS amalgamates mocap
data from multiple sources, including the KIT Whole-Body Human Motion Database [159],
BMLrub, and BMLmovi [86], comprising over 11,000 motion captures from more than 300
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subjects. This extensive collection enables the analysis of a broad array of human move-
ments, providing a rich basis for studying diverse motion patterns.

The SMPL model serves as a pivotal link, translating mocap data from AMASS into
mesh representations in a format compatible with the OpenSim [58] platform. OpenSim
is instrumental in constructing intricate biomechanical models that simulate the muscu-
loskeletal system’s physical and mechanical properties with high fidelity, allowing for an
in-depth and accurate analysis of human motion. These models are intricate, requiring
precise definitions of joints, masses, inertia, and muscle parameters, such as maximum
isometric force, which act as the force-generating actuators.

In this work, we abstain from developing new biomechanical models due to the complex-
ity and special expertise required. Instead, we utilize established, pre-validated models,
specifically the lower body model by Lai et al. [135] and the thoracolumbar region body
model by Bruno et al. [23], see Figure 24. These models simulate muscle activations for a
large number of individual muscle strands across various muscle groups.

Tailoring body model parameters to an individual’s specific anatomical properties
results in similar difficulties as with the creation of new body models, therefore model
parameters are most commonly used as specified in the validated original models [23,
135], in the OpenSim community. We follow this approach, providing simulation results
for standard models rather than subject-specific human bodies.

To integrate human motion data from AMASS with OpenSim, we map virtual mocap
markers to the SMPL-H body mesh’s surface vertices, following the method proposed
by Bittner et al. [17]. This results in a carefully curated selection of 67 strategically placed
vertices that accurately represent marker positions on the body mesh, visualized on the
left of Figure 24. We deliberately and consistently exclude soft tissue dynamics from the
SMPL-H mesh generation to maintain consistent marker positions during motion.

Despite OpenSim’s automatic scaling capabilities, manual adjustments of marker po-
sitions are sometimes necessary to accurately reconcile differences between simulated
and real-world data. These adjustments are made on a subject-specific basis, rendering
our pipeline semi-automatic. The manually adjusted marker positions are thoroughly
documented, validated and shared to ensure the reproducibility of our simulations.

AMASS lacks data on ground reaction or contact forces, which are crucial for realistic
motion simulation. To address this, we integrate the OpenSimAD [70] implementation

Figure 24: The AMASS body model with specific indices mapped onto the OpenSim lower body
model by Lai et al. [135] (middle) and model of the thoracolumbar region by Bruno et al. [23] (right).
Best viewed by zooming in.
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used in the OpenCap [260] project, which calculates ground reaction forces based on
kinematic data and the musculoskeletal model. We employ a tailored parameter setup to
optimize the trajectory problem, balancing computational load and accuracy.

Kinematic data is analyzed using OpenSim’s Inverse Kinematics method. Muscle activa-
tions for the lower body are derived from a trajectory optimization problem described
in [260]. The estimated ground reaction forces serve as inputs for the Static Optimization
method, which calculates muscle activations for the thoracolumbar region.

Due to the computational demands of the trajectory optimization problem, we process
the data in segments, ensuring manageable computation times without compromising
the continuity of the motion capture sequences. We implement overlapping buffers to
mitigate inaccuracies during segment processing, discarding data that fails to meet our
stringent error tolerance criteria to maintain data quality.

The Muscles in Time (MinT) dataset represents a significant contribution to the field
of biomechanical and computer vision simulation. By integrating and refining existing
methodologies, we present a robust pipeline that facilitates the accurate simulation of
human muscles in motion by combining established biomechanical models with high
quality mocap data.

4.2.1.1 Dataset Composition

Due to missing information on external forces based on object interactions, inaccurate
motion capture recordings or non-converging simulations, the MinT dataset covers a
subset of its originating datasets in AMASS and does not follow their statistics.

Anthropometrics While the motion capture recordings in AMASS provide gender la-
bels, information about subjects’ height and weight is approximated from the SMPL body
model. Body weight is calculated by volume resulting from average shape parameters,
which follows the approach of Bittner et al. [17]. The weight is relevant for the calculation
of ground reaction forces and the distribution of weight in the model, affecting the muscle
activation in different parts of the body.

Type of 
Movement

Static 
Actions

Dynamic 
Actions

Body 
Interaction

Body Part 
Movement

Activity

Figure 25: Prevalence of different motions in the MinT dataset.
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Figure 26 shows the distribution of weight across all subjects, indicating significant
diversity in body composition. Underweight subjects are slightly underrepresented in the
dataset, while subjects in the obese range are well represented.

Composition of Subdatasets Within AMASS, MinT is limited to the subdatasets Eye-
sJapan, BMLrub, KIT, BMLmovi, and TotalCapture. The short sequences in BMLmovi
typically depict single activities, while the longer ones for example in EyesJapan capture
a more diverse range of motions within a single sequence. Since we compute activation
information for shorter segments and rejoin them afterwards, longer sequences are more
prone to gaps in the analysis due to individually failing segment computations.

Motion Diversity Figure 25 displays the frequencies of grouped activities on a logarith-
mic scale. The action labels are based on the BABEL dataset, a large annotation dataset
which is coupled with AMASS. Most interesting are dynamic actions, since expected mus-

Figure 26: Approximated weight and height distribution of the analysed subjects in the MinT
dataset.
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cle activations for simple dynamic actions are well documented and we present a short
qualitative analysis based on such actions in Section 4.2.1.2.

4.2.1.2 Data Analysis, Validation, and Visualization

In Figure 27 (left) we explore the interrelation between different activities by investigating
our simulated muscle activation time-series. To this end, we extract features from the
temporal muscle activation sequences using tsfresh [40], a commonly used framework in
time series analysis that extracts a feature vector based on time series characteristics such
as mean, skewness, standard deviation etc. We chose distinct and descriptive groups of
activities from the BMLmovi subset such as jumping, kicking, stepping and walking, the
resulting features were normalized and clustered using FINCH [217] and visualized with
h-NNE [218]. It can be observed that activities do not only cluster together based on vari-
ations within the same category (e.g., different types of jumps, including jumping jacks),
but also align closely across different categories, when they share similar motion patterns
(e.g. sideways movements). This underlines the descriptive information contained in our
simulated muscle activation sequences for characterizing activities.

To provide better insight into the quality of simulation and the realism of the muscle
activation sequences, we provide an overview of key muscle activation characteristics in
the appendix under Appendix A.4.

Figure 27: Left: Clustering of multiple activities within the BMLmovi dataset by muscle activation
features. Right: Column-wise color coded histograms of areas under muscle activation curves for
402 muscle strands, sorted by histogram medians. Log-normalized color map.
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4.2.2 Motion to Muscle Activation Estimation Benchmark

While OpenSim provides a means for simulating muscle activations, it is both highly
compute intensive as well as sensitive regarding hyper parameters. These properties limit
it to be used by experts in an offline manner and prevent usage in everyday applications. In
this section we explore the usage of MinT as a training dataset for the estimation of muscle
activation based on pose motion. Such networks provide muscle activation estimation in
an instant and can easily be deployed for various downstream tasks. Given pose motion
sequences, we use the preprocessing step defined by [96] which adjusts skeletal structure
to a uniform format and normalizes positions and enriches the resulting data points with
additional features. This procedure maps each input to a 263-dim descriptor, resulting in
samples of the form 𝑥 = [𝑥1, ..., 𝑥𝑇], 𝑥𝑡 ∈ R263. For training our models we segment the
resulting data into clips of 1.4 second sampled at 20 frames per second, resulting in𝑇 = 28

input frames. Given a network 𝑓Θ ) R𝑇×𝑑 ↦→ R𝑇×𝑚 we predict 𝑓 (𝑥) = 𝑦with 𝑦 = [𝑦1, ..., 𝑦𝑇],
𝑚 = 402 being the number of individual muscle strain activations simulated in our dataset,
consisting of 80 lower body muscle strains from [70] and 322 muscle strains for the upper
thoracolumbar region body model [23]. Evaluation is performed by calculating Root
Mean Squared Error (RMSE), Pearson Correlation Coefficient (PCC), and Symmetric Mean
Absolute Percentage Error (SMAPE). RMSE is commonly used but highly susceptible to
data scaling, resulting in significantly lower error values for downscaled data. In practice,
EMG signals vary strongly between subjects, scaling of signals is therefore a common
preprocessing step. PCC is a good indicator for muscle activation series similarity, since
it is scale and offset invariant. SMAPE allows for considering fixed offsets as error while
being less sensitive to scaling in comparison to RMSE. PCC and SMAPE are calculated
for each muscle strain individually and averaged. For our benchmark we use the train,
val and test splits defined by the BABEL dataset [195]. Evaluation results are reported
separately for muscles of the upper and lower body model.

4.2.3 Experiments

We evaluate five different architectures on MinT. Since we make use of human motion as
input for our predictor, we adapted a common architecture for motion-to-motion predic-
tion from [298] to the task of motion-to-muscle activation prediction by simply exchanging
its prediction head. We further evaluate a Long Short-Term Memory (LSTM) [108], a fully
convolutional network (FConv) [84], a Mamba2 Mixer model [50] and a simple trans-
former architecture [268] with 16 transformer layers, results for the lower and upper body
model are listed in Table 17. All models are trained from scratch for 300k iterations with
a batch size of 256 unless noted otherwise.

The evaluated transformer architecture showed the best results as compared to the
adapted VQ-VAE model, LSTM, FConv and Mamba in all metrics on all evaluated motion
types. The results of the experiment also show the importance of reporting PCC and
SMAPE, since the differences in RMSE are marginal, while PCC and SMAPE both show
significant improvements. We suspect this to be the case, since many muscles in the
human body are mostly relatively inactive unless required for specific motions. For a
simple analysis of this effect, we calculated the integral for each individual ground truth
muscle activation sequence in all our validation set chunks and created 402 color coded
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histograms that are sorted by median and vertically displayed side by side on the right
hand side of Figure 27 (one column in the image is a single muscle activation integral
area frequency histogram). A wide range of muscles are rarely activated, resulting in
the majority of activation sequences displaying integral areas significantly below 0.1 or
0.05. This property is challenging for RMSE and SMAPE, average RMSE shows a small
error, since most activations are close to zero and SMAPE reports a high percentage error,
since a deviation from a close to zero value is more likely to result in a high percentage
deviation. For similar reasons, the upper body model displays lower RMSE and higher
SMAPE, the upper body model contains a larger number of small and rarely activated
muscles in contrast to the lower body model.

We recommend that future users of our dataset actively evaluate on either the full range
of provided muscle activations or choosing one of these muscle strand subsets depending
on their specific application. Please also see the appendix for additional dataset statistics
and consider the follow-up work of [148].

4.2.3.1 Qualitative Results

Figure 28: Example lower body muscle activations (split in left and right muscle strands) for the
actions kick and jumping jacks. It is clearly visible that the kick is performed with the left leg. During
jumping jacks, gluteus medius and rectus femoris are activated alternatingly for both legs.

In Figure 28 we list two examples from our dataset, one displaying the action kick,
the other displaying the action jumping jacks, predictions are calculated with the 8-layer
transformer architecture. The figure displays four key muscles essential for lower body
locomotion; biceps femoris long head (knee flexion and hip extension), gluteus maximus (hip
extension and external rotation), gluteus medius (abduction and medial rotation of the hip),
and rectus femoris (hip flexion and knee extension), each for the left and right body half.
The kick is clearly executed with the left leg with rectus femoris providing the force for the
swing in the second half of the motion and the other muscles of the left leg preparing
it in the first half. During jumping jacks, gluteus medius and rectus femoris are activated
alternatingly for both legs. Predicted muscle activations closely follow the ground truth
from our dataset, with slight underestimation at the activation peaks.
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4.3 chapter conclusion

This chapter addressed two questions about parametric body models for synthetic data
generation: (1) How can parametric body models enable large-scale synthetic data generation,
and does pre-training on such data improve real-world action recognition? (2) Can parametric
body models combined with biomechanical simulation software enable muscle activation datasets
at scale, and which architectures effectively learn pose-to-muscle activation mappings?

Section 4.1 addressed the first question and shows, that parametric body models enable
large-scale synthetic data generation through AMARV (Archive Of Motion capture As
Rendered Videos), an 800,000-segment dataset which renders SMPL bodies from AMASS
motion sequences across four synchronized camera perspectives. This approach generates
multi-view synthetic data at scales difficult to gather through real-world multi-camera
recording. Critically, experiments demonstrate that models pre-trained on AMARV trans-
fer effectively to real-world action recognition benchmarks in cross-view testing. This
shows, that synthetic multi-view data competes with real-world performance and at the
same time addresses privacy concerns which are inherent in web-scraped video datasets.

Section 4.2 addressed the second question, establishing that parametric body models
combined with OpenSim biomechanical simulation software enable muscle activation
datasets at unprecedented scales. MinT generates 10 hours of 402-muscle activation data
across 227 subjects. Such scales are unfeasible through real-world EMG measurement, as
equipment requirements, subject burden, and cost stand in the way. Experiments on pose-
to-muscle activation prediction demonstrate, that deep learning models can effectively
learn these mappings from synthetic biomechanical data. Detailed architecture compar-
isons reveal, which network structures best capture pose-to-activation relationships. This
shows, that the combination of parametric models and biomechanical simulation cre-
ates training data at scales which suffice to train deep learning models from scratch on
physiological tasks.

Together, SynthAct and MinT establish parametric human body models as a versatile
foundation for synthetic data generation. The SMPL representation yields controllable
synthesis across multiple modalities, i. e. RGB video, depth maps, skeletal pose, and mus-
cle activations, all from the same underlying motion sequences. Both works incorporate
this to build generation pipelines. For this reason, the shared SMPL-based motion rep-
resentation creates potential for cross-dataset multi-modal linkage: body motion serves
as an anchor which connects visual, skeletal, and physiological modalities without si-
multaneous capture. We do not present such experiments here, yet we identify this as a
promising direction for future research building on the contributions of this chapter, and
pick it up again in Section 7.1.1.
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4.3.1 Contributions to SMPL-based Synthetic Data Generation

Contribution 1: SynthAct presents a Unity-based rendering pipeline which gen-
erates large-scale multi-view synthetic data from motion capture sequences. By
rendering SMPL bodies from AMASS motion sequences across four synchronized
camera perspectives, the framework produces AMARV, a video dataset which
enables multi-view pre-training without expensive multi-camera recording infras-
tructure. The approach demonstrates effective transfer to real-world action recog-
nition benchmarks and at the same time addresses privacy concerns which are
inherent in web-scraped datasets. Thereby, parametric body model rendering be-
comes a practical approach for scalable synthetic data generation.

Contribution 2: Muscles in Time (MinT) bridges computer vision and biomechanics,
as it enriches motion capture sequences with simulated muscle activation patterns.
By using SMPL’s consistent surface correspondence to transfer motion data to
OpenSim musculoskeletal models, MinT couples AMASS motion sequences with
402-strand muscle activation simulations. This biomechanical enrichment enables
neural networks to learn relationships between visual observations and physio-
logical processes underlying human movement. This shows, that parametric body
models can serve as a basis for both, visual and physiological synthetic data gener-
ation. The shared SMPL-based motion representation provides potential for cross-
dataset multi-modal linkage: body motion serves as an anchor which connects
visual, skeletal, and physiological modalities.

Chapters 3 and 4 addressed cross-domain challenges and parametric synthesis methods.
The practical deployment of activity recognition systems, however, requires us to address
specialized application scenarios. The following chapter explores two such applications:
fall detection benchmarking with generative video synthesis, and privacy-preserving
activity recognition through avatar-based anonymization with differential privacy guar-
antees. Both applications demonstrate, how synthetic data generation enables solutions
to real-world deployment challenges which extend beyond performance optimization.





5S Y N T H E T I C DATA FO R
R E A L -WO R L D P RO B L E M S

The preceding chapters established methods for bridging domain gaps and syn-
thetic data generation. In this chapter we take a problem first perspective and then
implement synthetic data based solutions in an attempt to meaningfully contribute
to and advance a field unrelated to the synthetic data research domain. We explore
two separate scenarios in fall detection and privacy preserving vision: (1) Can we
advance the field of human fall detection by generating synthetic data that dominates lab
based real-world datasets on out-of-distribution generalization? (2) Can we advance pri-
vacy preserving action recognition by combining synthetic avatar anonymization with
selective differential privacy to provide comprehensive privacy protection for both subjects
and environmental background context? Section 5.1, based on our ECCV 2026 pa-
per [220], addresses the first question through OmniFall, a unified fall detection
benchmark comprising our synthetic video dataset based on the Wan 2.2 video
diffusion model. Section 5.2, based on our ECCV 2024 workshop paper [222], ad-
dresses the second question through MaskDP (Masked Differential Privacy), a hy-
brid framework which pairs avatar-based anonymization with differential privacy
and achieves privacy for both subjects and their personal living environments.

When does synthetic data solve real-world problems that real data collection cannot
address? In specialized deployment scenarios, real data collection faces major barriers:
staged laboratory data fails to capture authentic real-world variation, whereas the collec-
tion of sensitive data from vulnerable populations violates privacy regulations and ethical
guidelines. These barriers are not merely practical inconveniences but fundamental limi-
tations that constrain what models can achieve and where they can be deployed.

Fall detection for elderly care exemplifies both challenges: staged datasets feature
healthy actors in controlled environments with safety equipment. This creates unknown
generalization gaps to genuine accidents, whereas the collection of diverse real fall data
from vulnerable elderly populations raises ethical concerns. Privacy-preserving activity
recognition in home monitoring similarly faces barriers: video data contains identifiable
information about individuals and their living environments, while standard privacy-
preserving techniques introduce utility penalties that prevent practical deployment. Both
scenarios require solutions beyond what traditional real-data approaches can provide.

79



80 synthetic data for real-world problems

5.1 omnifall

This section is based on our paper accepted at ECCV 2026 [220]1.

Falls remain a leading cause of fatal and non-fatal injury in older adults, claiming
about 684,000 lives globally and sending more than 37 million people to medical care
each year [282]. Preventing death hinges not only on detecting such falls, but even more
so on recognizing the sustained fallen state—when a person remains on the ground un-
noticed and unable to summon help. “Long-lie” episodes increase one-year mortality
significantly [79, 251], underscoring the importance of detection of the fallen.

Computer vision-based fall detection offers potential for automated monitoring in care
environments, yet faces critical limitations: (1) systems focus on brief fall events rather
than persistent fallen states; (2) models trained on small, homogeneous datasets generalize
poorly across environments; (3) collecting fall data from vulnerable elderly populations
raises ethical and practical challenges; and (4) no standardized benchmark exists for
evaluating performance on genuine accidents or assessing cross-domain generalization.

Existing fall detection datasets [2, 11, 33, 94, 134, 163, 256, 302] share common limitations:
collection in single controlled environments, visually homogeneous staging conditions,
and incompatible annotation taxonomies that prevent cross-dataset comparison. This
lack of diversity produces systems that perform well within their training domain but fail
under novel conditions. Moreover, the lack of real-world evaluation protocols prevents
assessment of staged-data models’ generalizability to actual accidents.

We introduce OmniFall, a unified benchmark comprising three complementary com-
ponents: OmniFall-Staged (OF-Sta) (staged real-world data), OmniFall-In-the-Wild (OF-ItW)
(genuine accident videos), and OmniFall-Synthetic (OF-Syn) (large-scale synthetic data
with controlled diversity). The benchmark provides 33 hours of densely annotated single-
view footage (82 hours, including multi-view recordings), enabling systematic cross-
domain evaluation previously impossible due to annotation heterogeneity.

Why unify existing staged datasets? Individual datasets offer limited environmental
and subject diversity, leading to poor cross-dataset generalization. OmniFall-Staged (OF-
Sta) addresses this by unifying eight public datasets [2, 11, 33, 94, 163, 256, 302] under
standardized annotations, providing 14 hours of unique recordings (42 hours multi-view)
across 101 subjects and 29 camera views. This aggregation enables cross-dataset, cross-
subject, and cross-view evaluation protocols while substantially increasing training diver-
sity compared to any single dataset alone.

Why the need for in-the-wild evaluation? Staged datasets feature healthy actors in
controlled settings with safety equipment, creating unknown generalization gaps to real-
world deployment. OmniFall-In-the-Wild (OF-ItW) establishes the first standardized bench-
mark for staged-to-wild evaluation, curating 2.6 hours of genuine accident videos from
uncontrolled environments with natural camera motion, varied lighting, and authentic
falls. This out-of-distribution test set enables systematic assessment of how models trained
on staged or synthetic data perform on real accidents.

Why add synthetic data? Collecting diverse fall data from elderly populations and
children raises ethical concerns and practical barriers. OmniFall-Synthetic (OF-Syn) con-

1 Reproduced with permission from Springer Nature.
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Figure 29: OmniFall comprises OmniFall-Staged, OF-Synthetic, and OF-In-the-Wild with cross-
dataset compatible labels.

tributes 17 h of synthetic video, featuring controlled diversity across age, ethnicity, body
type, gender, and environments. Each video depicts a unique person-environment combi-
nation, providing substantially greater diversity than staged collections while addressing
privacy concerns. Significantly, our experiments reveal that training on OF-Syn alone
surpasses training on the complete OF-Staged superset for real-world generalization on
OF-ItW (Fall F1: 64.2% vs 60.5-61.2%), representing the first large-scale demonstration
that synthetic video data can outperform real staged data for fall detection.

Our contributions are threefold. First, OF-Staged and OF-In-the-Wild provide a staged-
to-wild cross-domain benchmark with over 60 hours of manual frame-level annotations
(Figure 30). Second, OF-Synthetic adds synthetic-to-wild evaluation and diverse training
data with controlled demographic variation. Third, comprehensive fine-tuning experi-
ments demonstrate that the staged-to-wild domain gap is larger than the synthetic-to-wild
gap, with synthetic data outperforming real staged data for out-of-distribution general-
ization—suggesting that synthetic video data may surpass existing data collections for
real-world human fall detection.



82 synthetic data for real-world problems

0 1500 3000 4500 6000 7500 9000
Frame Number

Walk Fall Fallen Sit Down Sitting Lie Down Lying Stand Up Standing Other

Figure 30: Our annotations on an example video of CMDFall [256].
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Figure 31: Label distribution and single-view duration per dataset: eight OF-Sta constituents, OF-
ItW, and OF-Syn (33h total).

overview. OmniFall comprises three complementary components (Table 18, Fig-
ure 29): (1) OF-Staged (eight public datasets) provides controlled scenes, multiple
views, and scripted routines; (2) OF-In-the-Wild (OF-ItW) curates authentic falls from
OOPS [68]; (3) OF-Synthetic (OF-Syn) contributes 12k videos generated with Wan 2.2,
covering diverse demographics and environments under controlled camera setups. To-
gether they total ∼33 h of single-view footage and enable in-distribution training on staged
data and out-of-distribution (OOD) testing on wild and synthetic.

design principles and contributions. Our goal is comparability across domains. To
that end we: (i) Standardize labels by manually re-annotating all videos to a unified 16-
class timeline taxonomy (four transient actions: fall, sit_down, lie_down, stand_up; five
locomotion/transition actions: walk, kneel_down, squat_down, crawl, jump; six static states:
fallen, sitting, lying, standing, kneeling, squatting; plus other). (ii) Densify annotations per
frame, so methods can be evaluated on both classification and timeline segmentation.
(iii) Unify splits by providing cross-subject (CS) and cross-view (CV) partitions for each
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Table 18: Datasets in the OmniFall benchmark. The first eight rows constitute OmniFall-Staged
(OF-Sta), followed by OmniFall-In-the-Wild (OF-ItW) and OmniFall-Synthetic (OF-Syn).

Dataset Rec
Rec
Dur.

Total
Dur. Views Syn. Res. FPS Sub

CMDFall [256] 55 7h25m 27h59m 7 ✓ 640×480 20 50

UP Fall [163] 561 4h37m 9h15m 2 ✓ 640×480 18 17

Le2i [33] 222 51m 51m 6 ✗ 320×240 25 9

GMDCSA [2] 160 21m 21m 3 ✗ 1280×720 30 4

EDF [302] 5 14m 28m 2 ✓ 320×240 30 5

OCCU [302] 5 14m 28m 2 ✗ 320×240 30 5

MCFD [11] 24 18m 2h25m 8 ✓ 720×480 ≤30 1

CAUCA [94] 100 16m 16m 1 720×480 23 10

OF-ItW 818 2h39m 2h39m >818 ✗ variable 30 –

OF-Syn 12k 16h53m 16h53m 12k ✗ 1280×720 16 –

Rec: Recordings, Dur: Duration, Syn: synchronized views, Sub: subjects.
Recording: single event captured by multiple synchronized camera views.

staged dataset, mirroring original protocols when available and filling gaps otherwise.
(iv) Enable OOD assessment with a held-out OF-ItW split and controllable OF-Syn splits
(random, cross-age, cross-ethnicity, cross-BMI).

annotations and problem setup.
We cast fall understanding as both video classification and timeline segmentation.

The taxonomy distinguishes transient actions (fall, lie down, sit down, kneel down, squat
down, stand up, jump, crawl and walk), static states (fallen, lying, kneeling, squatting, sitting,
standing), facilitating detection of critical fallen states even when fall events are missed and
disambiguation from non-critical activities such as lying down. As open-world fallback
class we specifically include the class other to make sure any timeline can be completely
and densely labelled with one of these classes.

The unified 16-class taxonomy enables detecting medically critical fallen states even
when the fall event is missed, and disambiguating visually similar actions (e.g., lie_down
vs. fall). All data is released with per-frame labels in this taxonomy, plus dataset-specific
splits to standardize protocols.

5.1.1.1 OF-Staged (aggregation and splitting).

Many fall detection datasets have been introduced in recent years [2, 5, 11, 12, 33, 37, 42,
94, 134, 163, 256, 302], reflecting the growing interest in automated fall detection. As part
of our related work, we conducted a systematic search to identify publicly available video-
based datasets to characterize the landscape of the fall detection field. We found that
most existing datasets feature staged falls performed by healthy individuals in controlled
settings, with no standardized benchmarks for evaluating how models trained on such
data perform on real-world falls. In the following, we first review the datasets included
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Figure 32: Pairwise Fréchet Video Distances calculated on features from I3D, VideoMAE-K400
and SigLip2, visualised as heat-maps. Darker colors indicate higher similarity (smaller distances)
between datasets.

in our OmniFall benchmark, then discuss additional datasets we identified but did not
include.

5.1.1.2 Action and fall classification

fall detection datasets in omnifall-staged. To collect existing public fall de-
tection datasets from prior work, we conducted a systematic search in accordance with
PRISMA guidelines (5)-(9) [181]. We queried PubMed and Google Scholar using the key-
words: [fall] and [detection] and ([survey] or [review]). The search was carried out on
31 August 2023, and we limited the publication period to [2015-2023]. We removed du-
plicates, including pre-prints followed by their peer-reviewed versions. Subsequently, we
conducted an initial manual screening of titles and abstracts to ensure that the selected
surveys were relevant. After this initial screening, full texts were retrieved and reviewed
for eligibility based on specific inclusion criteria: (1) Surveys with English full texts. (2)
Surveys that have undergone peer-review. (3) Surveys listing public RGB-based video fall
detection datasets. Of the 98 surveys retrieved, only 9 met all inclusion criteria. The public
datasets (1)-(8) extracted from these surveys are listed in Table 18.

(1) The CMDFall dataset [256] is a multimodal, multiview collection acquired from
seven synchronized Kinect sensors (providing color and depth data) together with two
accelerometers. It comprises recordings of 50 subjects performing eight distinct fall types
alongside twelve non-fall activities, supporting cross-view and multimodal analysis. (2)
UP Fall [163] offers a multimodal setup from 17 subjects in a laboratory environment. It
includes vision data from a pair of synchronized cameras (640×480 at 18 fps), inertial
measurements from accelerometers and gyroscopes worn at different body locations, and
context sensors, covering six activities of daily living (ADL) and five fall types. (3) The
Le2i dataset [33] contains 143 staged falls and 79 ADL actions recorded from a single fixed
camera at 640×480 pixels and 25 fps across four environments and six views, stressing
various real-world issues such as occlusions and lighting variations. (4) GMDCSA [2]
delivers high temporal resolution data, capturing 81 fall and 79 ADL clips recorded with a
stationary laptop camera at 1280×720 pixels and 30fps in three distinct home settings. Its
design emphasizes intra-class variability, with subjects altering clothing and backgrounds
between clips. (5) The EDF and (6) OCCU datasets [302] were acquired in a controlled
apartment environment using two Kinect sensors at 320×240 pixels and 30 fps. The EDF
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set focuses on 40 non-occluded falls by five subjects performing falls from eight directions,
as well as 30 non-fall actions. In comparison, OCCU presents a more challenging scenario
in which 30 falls become partially occluded near the end, accompanied by a suite of 80 ADL
actions. (7) The Multiple Camera Fall (MCFD) dataset [11] leverages eight synchronized
IP cameras installed in a fixed indoor setting to capture 22 fall scenarios, interleaved
with pre-fall ADL sequences, facilitating 3D reconstructions either explicitly or implicitly.
(8) The CAUCA Fall dataset [94] provides recordings from 10 subjects in an apartment
setting under varying lighting conditions. Captured at 720×480 resolution and 23 fps, it
includes both color and infrared modes (in low-light situations) with detailed, frame-wise
annotations that report not only fall versus non-fall labels but also spatial metrics, such
as distance and angle with respect to the camera.

other datasets. We identified several additional fall detection datasets, but excluded
them from OF-Staged due to specific limitations. UR Fall [134] was not included due to its
limited size. MUVIM [60] offers multimodal data, but all videos are captured from a top-
down view. FPDS [156] consists of static images, we only considered full video datasets.
While High Quality FSD [12], FallFree [5], SIMPLE [42], and ACT42 [37] align well with
our objectives, we were unable to include them due to missing usage licenses or the lack
of explicit permission from the authors.
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Figure 34: Class-wise sensitivity, specificity and F1-score on OF-In-the-Wild for the eight most
frequent classes, cross-domain generalization.

OF-Staged spans 14 h of recordings across eight datasets (Figure 31), with synchronized
views excluded from duration accounting but preserved for CV evaluation. We provide
CS/CV splits per dataset and a combined split (OF-Staged) that supports training once
and testing across domains.

cross-subject splits. We implement dataset-specific subject splits, following original
protocols where available: CMDFall (following published odd/even protocol: train: odd-
IDs 1-49, val: IDs 2/8/18/42/48, test: remaining 20 even-IDs); CaucaFall (train: S1-S7, val:
S10, test: S8-S9, with S6/S8 being nighttime recordings); EDF (train: Jianjun/Jinhui/Peter,
val: Songsong, test: Zhong); OCCU (train: Jiayan/Wangde/Yangyi, val: Zhangbo, test:
Zhouhui); GMDCSA (train: subjects 1/3, val: subject 2, test: subject 4); Le2i (train: subjects
0/1/3/4/6/8, val: subject 5, test: subjects 2/7); UP Fall (train: IDs 1/3/5-10/12-14/17, val:
ID 11, test: IDs 2/4/15/16). MCFD’s single subject is used only for training in cross-subject
evaluation.

cross-view splits. For multi-view datasets, we create camera-based splits: CMDFall
(train: camera 1, val: camera 5, test: cameras 2/3/4/6); EDF and OCCU (each using
train/val: view 1, test: view 2); GMDCSA (train: subjects 2/3 location with identical
room/sensor, val: subject 1 location, test: subject 4 location); Le2i (train: Coffee-room and
Lecture-room views, val: Office view, test: Home-room views); MCFD (train: camera 1,
val: camera 3, test: cameras 2/4/5/6/7/8); UP Fall (train/val: camera 2, test: camera 1).
Single-view CaucaFall participates only in training for cross-view evaluation.

5.1.1.3 What is missing.

The eight datasets in OF-Staged represent over a decade of research effort, spanning 2012
(Le2i [33]) to the present. Collectively, they provide 14 hours of unique recordings across
101 subjects, 29 camera views, and diverse environments; a breadth unattainable from
any single source. The substantial financial investment and researcher time required to
stage, record, and annotate these corpora reflects the community’s sustained commit-
ment to advancing automated fall detection. OF-Staged aggregates this collective effort
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Table 19: VMAE-K400 [253] trained on CMDFall CS and CV.

Dataset Split
16-class Fall Δ Fallen Δ Fall ∪ Fallen Δ

BAcc Acc F1 Se Sp F1 Se Sp F1 Se Sp F1

CMDFall [256] CS 83.3 85.4 83.3 91.2 99.3 93.0 92.0 98.7 90.9 95.6 98.9 96.0

UP-Fall [163]
CS 55.6 52.9 41.7 12.3 98.8 21.1 50.9 96.6 62.4 31.6 93.5 45.1

CV 60.8 57.2 43.8 4.3 99.4 8.1 64.0 95.5 69.9 33.1 93.4 46.2

Le2i [33]
CS 65.9 71.9 52.7 77.3 97.8 79.1 85.7 99.5 90.0 86.0 98.1 89.2

CV 59.1 72.3 50.2 86.5 95.5 80.0 96.8 94.4 80.0 92.6 88.8 81.3

GMDCSA24 [2]
CS 59.5 54.8 50.4 64.7 89.5 61.1 52.9 100 69.2 61.8 88.1 67.7

CV 72.0 60.2 59.3 64.7 85.5 56.4 52.9 100 69.2 67.6 86.4 70.8

EDF [302]
CS 52.6 58.6 43.7 6.2 96.4 9.5 75.0 96.3 76.9 50.0 93.5 60.0

CV 31.2 44.9 30.2 24.4 96.2 34.4 40.0 96.9 49.0 33.3 92.7 44.2

OCCU [302]
CS 44.2 38.6 29.4 0.0 100 0.0 6.2 97.6 10.5 3.1 97.1 5.7

CV 42.0 41.4 29.9 14.3 99.5 24.5 40.0 96.0 50.0 26.8 94.3 38.9

CaucaFall [94] CS 62.4 74.5 61.3 66.7 100 80.0 100 94.7 90.0 88.9 96.6 91.4

MCFD [11] CV 41.7 54.9 38.5 40.6 92.4 47.2 83.1 84.6 59.9 67.0 75.3 61.9

OF-Syn Ra 32.4 51.9 31.0 33.0 96.5 40.9 10.0 97.4 14.2 27.3 94.1 35.7

OF-ItW 16.0 35.3 14.7 51.1 86.9 52.3 10.0 98.7 16.6 42.9 85.7 50.3

Balanced Accuracy, Sensitivity, Specificity.

into a unified superset with standardized annotations, enabling cross-dataset evaluation
and providing training diversity that substantially exceeds individual datasets. However,
several fundamental gaps remain.

These datasets comprise staged recordings of healthy participants in controlled envi-
ronments. While valuable for method development, these corpora do not establish how
models transfer to in-the-wild falls, and they are annotated with heterogeneous label sets
and protocols, hampering cross-dataset comparison. Three gaps stand out: (1) Staging bias:
lab scenes, fixed cameras, and scripted routines dominate. (2) Annotation heterogeneity:
labels vary from binary fall/no-fall to coarse ADL categories; few offer dense, consistent
timelines. (3) Lack of standardized OOD evaluation: there is no widely-used protocol to
quantify staged→wild generalization.

These gaps motivate the two additional OmniFall components. OF-In-the-Wild (OF-
ItW) addresses the lack of standardized OOD evaluation by curating genuine accident
videos from uncontrolled environments, establishing a test-only benchmark for measur-
ing staged→wild generalization. OF-Synthetic (OF-Syn) mitigates ethical and practical
barriers to collecting diverse fall data from vulnerable populations by generating synthetic
videos with controlled demographic variation (age, ethnicity, body type, environment),
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Table 20: VMAE-K400 [253] trained on OF-Staged (merge of all staged datasets) CS and CV and
tested on those splits respectively.

Dataset Spl
16-class Fall Δ Fallen Δ Fall ∪ Fallen Δ

BAcc Acc F1 Se Sp F1 Se Sp F1 Se Sp F1

CMDFall
[256]

CS 82.9 85.4 82.9 91.8 99.1 93.0 92.6 98.9 92.0 95.8 98.9 96.2

CV 71.6 80.9 73.9 94.1 95.7 85.2 91.4 98.7 90.8 96.0 94.6 90.6

UP-Fall [163]
CS 92.5 92.7 83.0 95.6 98.8 95.6 87.7 97.3 88.9 92.1 94.9 92.7

CV 56.5 89.1 55.1 97.2 95.8 91.3 99.1 93.2 86.8 99.4 86.2 90.2

Le2i [33]
CS 81.4 89.7 72.9 100 100 100 100 100 100 100 100 100

CV 63.1 79.4 64.8 97.3 99.2 96.0 100 96.4 87.3 100 95.3 93.2

GMDCSA24
[2]

CS 64.5 73.1 66.8 88.2 93.4 81.1 88.2 97.4 88.2 91.2 89.8 87.3

CV 79.4 79.6 76.2 94.1 94.7 86.5 70.6 98.7 80.0 85.3 93.2 86.6

EDF [302]
CS 56.6 75.8 57.2 82.4 95.5 77.8 100 95.3 89.4 100 92.2 91.6

CV 45.8 63.0 43.6 67.4 93.8 68.2 83.3 94.6 74.6 87.7 91.7 84.2

OCCU [302]
CS 86.0 90.1 84.6 100 97.6 94.1 100 97.6 94.1 100 94.2 94.1

CV 59.4 73.6 50.1 88.1 94.4 82.2 95.0 97.0 90.5 92.7 89.8 87.4

CaucaFall
[94]

CS 79.5 80.9 77.5 88.9 100 94.1 100 100 100 94.4 100 97.1

MCFD [11] CV 47.3 67.4 48.9 77.2 92.7 74.1 70.0 94.9 69.3 81.7 88.3 79.4

OF-Syn
CS† 32.0 50.9 31.2 46.2 97.3 55.1 32.7 94.1 32.2 43.1 90.9 47.3

CV† 31.2 50.3 29.6 70.8 91.0 58.0 32.7 91.6 28.2 61.0 82.0 51.1

OF-ItW
CS‡ 20.5 41.4 18.5 77.6 77.6 61.2 33.4 95.4 39.4 74.1 73.3 65.7

CV‡ 20.7 41.5 18.2 76.4 77.6 60.5 37.6 95.0 42.6 74.7 72.8 65.7

Balanced Accuracy, Sensitivity, Specificity.
† Trained on OF-Sta CS or CV, test on OF-Syn Ra. ‡ Trained on OF-Sta CS or CV, test on OF-ItW.

providing appearance diversity while circumventing privacy concerns inherent in real-
world elderly fall data collection.

5.1.1.4 OF-In-the-Wild (curation and labeling).

Starting from OOPS [68], we filter clips tagged as falls, then manually verify and densely
annotate 818 videos (2.65 h; annotation procedure detailed in Appendix A.3), resulting
in 1.3k segments with real-world camera motion, occlusion, and clutter. We provide
a 10/20/70 split; in this work we treat OF-ItW as test-only to measure staged→wild
generalization and to leave room for future domain-adaptation research.
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Table 21: VMAE-K400 [253] trained on OF-Syn. Bal. Accuracy, Sensitivity, Specificity.

Dataset Split
16-class Fall Δ Fallen Δ Fall ∪ Fallen Δ

BAcc Acc F1 Se Sp F1 Se Sp F1 Se Sp F1

CMDFall [256]
CS 45.8 50.3 34.9 61.0 96.4 66.1 27.6 96.0 34.6 52.4 93.3 60.5

CV 53.7 57.9 41.0 68.5 97.3 73.9 38.5 96.2 45.8 62.0 94.8 69.9

UP-Fall [163]
CS 48.0 52.9 31.3 63.2 99.3 76.2 2.6 99.5 5.0 33.8 99.0 50.0

CV 49.6 56.3 29.9 43.1 99.9 60.1 5.3 99.4 9.8 26.0 99.6 41.1

Le2i [33]
CS 53.1 57.1 39.5 59.1 100 74.3 9.5 98.9 16.0 39.5 100 56.7

CV 40.6 52.8 30.1 48.6 100 65.5 0.0 99.2 0.0 29.4 100 45.5

GMDCSA24 [2]
CS 64.5 60.2 50.3 52.9 97.4 64.3 23.5 100 38.1 41.2 98.3 57.1

CV 73.4 61.3 48.4 76.5 97.4 81.2 11.8 100 21.1 47.1 98.3 62.7

EDF [302]
CS 33.7 43.8 24.2 35.3 92.8 38.7 47.6 93.5 52.6 47.4 85.6 52.2

CV 31.0 41.3 22.7 32.6 94.3 40.6 60.0 87.9 48.0 64.4 86.7 65.3

OCCU [302]
CS 54.1 53.5 30.5 37.5 100 54.5 0.0 100 0.0 18.8 100 31.6

CV 51.2 52.7 31.0 28.6 100 44.4 0.0 100 0.0 14.6 100 25.5

CaucaFall [94] CS 60.1 55.3 40.9 77.8 94.7 77.8 22.2 100 36.4 50.0 93.1 62.1

MCFD [11] CV 31.1 40.5 22.9 41.5 93.1 48.5 7.1 98.5 12.3 29.4 90.9 39.8

OF-Syn Ra 59.0 81.4 60.5 96.2 95.1 81.6 67.3 97.0 66.4 90.1 92.6 81.1

OF-ItW 20.6 46.7 21.2 72.0 84.6 64.2 35.0 96.1 42.3 69.5 81.8 67.9

Balanced Accuracy, Sensitivity, Specificity.

5.1.1.5 OF-Synthetic (controlled diversity).

OF-Syn contributes 12k videos (17 h) generated with Wan 2.2 [271] at 1280×720 and 15 fps,
each depicting a unique individual and scene. Prompts vary age, gender presentation,
body type (BMI band), ethnicity and skin tone, environment category, and camera place-
ment. While clip length and temporal complexity is low, the set offers factorial control over
appearance and viewpoint. Domain-gap analyses (Section 5.1.2.1) show OF-Syn sits closer
to OF-ItW in feature space than many individual staged datasets, supporting its use for
sim→real studies. Detailed generation methodology, including prompt construction and
demographic diversity design, is provided in the appendix A.2.

5.1.2 Experiments

Our evaluation comprises three complementary experiments using different methodolo-
gies. For domain shift analysis (Section 5.1.2.1), we extract frozen motion oriented features
from I3D [30] and VideoMAE-K400 [253] and more appearance-based features from
SigLIP2 [258] to analyze dataset similarities and feature clustering. For action and fall clas-
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Table 22: VMAE-K400 [253] trained on OF-Sta(CS)+OF-Syn(Ra). Bal. Accuracy, Sensitivity,
Specificity.

Dataset Split
16-class Fall Δ Fallen Δ Fall ∪ Fallen Δ

BAcc Acc F1 Se Sp F1 Se Sp F1 Se Sp F1

CMDFall [256] CS 83.0 85.4 83.3 92.6 98.9 92.6 90.9 98.9 91.0 96.3 98.8 96.3

UP-Fall [163] CS 92.6 92.0 82.4 96.5 99.3 96.9 79.8 98.0 85.4 88.2 96.3 91.4

Le2i [33] CS 83.2 89.7 82.4 100 99.4 97.8 100 100 100 100 99.4 98.9

GMDCSA24 [2] CS 80.3 76.3 75.0 64.7 94.7 68.8 82.4 97.4 84.8 76.5 91.5 80.0

EDF [302] CS 55.1 74.2 54.2 82.4 95.5 77.8 100 95.3 89.4 100 92.2 91.6

OCCU [302] CS 84.4 91.1 81.9 100 97.6 94.1 100 98.8 97.0 100 95.7 95.5

CaucaFall [94] CS 76.8 80.9 76.2 100 100 100 100 97.4 94.7 100 96.6 97.3

OF-Syn Ra 60.5 81.2 62.4 96.2 95.8 83.6 68.7 96.7 66.0 89.5 92.7 81.0

OF-ItW 21.4 47.6 21.9 72.9 85.4 65.6 33.1 96.3 41.0 68.2 82.4 67.5

sification (Section 5.1.1.2), we fine-tune VideoMAE-K400 end-to-end on our benchmark
datasets. Timeline segmentation follows established protocols using I3D and SigLIP2 fea-
tures (Section 5.1.2.2). Unless reported differently, we use cross-subject splits for CMDFall
and OF-Sta and random split for OF-Syn and OF-ItW by default.

5.1.2.1 Domain shift analysis

Figure 32 shows pairwise Fréchet Video Distances (FVD) between datasets on different
feature types as well as hierarchical clustering results on the underlying distance matrix.

The versatile CMDFall dataset demonstrates high similarity (darker colors) to most
other staged datasets, highlighting its versatility as a training source. OF-Syn and OF-
ItW display very strong similarity, presumably attributable to both datasets containing
a large number of outside activities, which is completely missing in any staged dataset.
Datasets in OF-Staged show substantial dissimilarity to OF-In-the-Wild on VMAE-K400,
corresponding to the OOD performance gaps in Section 5.1.1.2.

feature-space visualization. To analyze domain shift and action structure recov-
erability, we visualize frozen embeddings from three backbones (I3D, VideoMAE-K400,
and SigLIP2) using t-SNE [153] and h-NNE [218]. Per domain, we randomly sample 5,000
representatives (five-frame means for temporal smoothing) for projection. In Figure 33,
first two columns show t-SNE colored by domain and action; the last two columns show
H-NNE with the same colorings and its induced hierarchical clustering view.

Domain gap. Across all backbones, domains form largely disjoint clusters with minimal
overlap; this separation is most pronounced for frame–space SigLIP2 and clearly visible
for VideoMAE and I3D as well. The result confirms a strong dataset shift within staged,
in-the-wild, and synthetic videos.
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Figure 35: OF-Syn demographic splits; sensitivity, specificity, F1

h-NNE provides both a 2D embedding and a multi-scale partitioning. This stabilizes
cluster contours, exposes local→global organization, and yields hierarchical cluster la-
bels. Overall, the plots jointly (i) make the cross-domain gap explicit and (ii) indicate how
much action structure is already present in frozen features—motivating both domain
adaptation and temporal modeling on our benchmark.

experimental setup We evaluate four fine-tuning configurations for VMAE-
K400 [253] to understand generalization effects of training data sources. First, we train on
the largest and most comprehensive pre-existing fall dataset CMDFall alone (7h), using
separate models for cross-subject (CS) and cross-view (CV) splits. Second, we train on our
OF-Staged superset (14 h, 8 datasets), again using CS and CV models to evaluate both
generalization protocols. Third, we train on OF-Synthetic using its random (Ra) split
(17h). Fourth, we combine OF-Staged (CS) with OF-Synthetic (Ra), assessing whether
synthetic data complements real staged data.

For metrics, we report accuracy and macro-F1 for the 16-class task, alongside sensitivity
(Se), specificity (Sp), and F1-score for the critical binary subtasks Fall and Fallen. These fall-
specific metrics are most relevant for deployment, as they measure detection of medically
critical events. Macro-F1 scores tend to be lower due to the natural class imbalance across
16 categories (Figure 34 illustrates this effect). Tables 19–22 provide detailed results. Across
these tables, we mark best and second-best results with green and orange.

training on cmdfall Table 19 presents results when training exclusively on CMD-
Fall, the most comprehensive individual staged dataset. The model achieves strong in-
distribution performance on cross-subject (83.3% acc, Fall F1: 93.0%) and cross-view
(80.9% acc, Fall F1: 85.2%) splits. Generalization to OF-ItW remains limited (Fall F1: 52.3%),
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Table 23: ASQuery [82] timeline segmentation results.

Dataset Feat. F1@10 F1@25 F1@50 Edit Acc

OF-Staged
I3D 80.11 78.34 69.84 84.13 78.74

SL2 82.13 80.64 72.70 81.90 80.19

→ OF-ItW
I3D 44.62 40.28 26.37 43.11 59.29

SL2 39.15 33.95 20.26 36.42 43.32

OF-Synthetic
I3D 78.74 77.77 72.17 78.28 77.22

SL2 84.17 83.32 78.11 83.71 82.71

→ OF-ItW
I3D 33.74 24.88 14.17 32.65 25.23

SL2 53.92 40.56 27.60 49.97 59.39

OF-Sta
I3D 77.68 75.64 66.51 77.32 76.50

SL2 82.48 80.99 73.24 82.51 79.88

∪ OF-Syn
I3D 77.46 76.65 70.62 76.46 75.42

SL2 83.10 82.24 76.90 82.41 81.15

→ OF-ItW
I3D 42.53 33.99 19.52 39.43 42.37

SL2 52.34 45.66 28.61 48.07 59.83

suggesting that even the largest staged dataset provides insufficient diversity for robust
real-world deployment.

training on of-staged Expanding training to the unified OF-Staged superset sub-
stantially improves out-of-distribution performance. Despite similar data volume to CMD-
Fall alone (61.5h vs 49.8h multi-view), the diversity of eight datasets with varied environ-
ments, subjects, and viewpoints improves OF-ItW results to 60.5-61.2% Fall F1 while
maintaining strong in-distribution accuracy (CMDFall CS: 85.4%; Table 20). This demon-
strates that dataset diversity, rather than simply data quantity, drives better real-world
generalization.

training on of-synthetic Table 21 reveals a significant finding: training exclusively
on synthetic OF-Syn achieves the best single-source OF-In-the-Wild performance (Fall F1:
64.2%), surpassing the OF-Staged superset of real staged data (60.5-61.2%). OF-Syn’s con-
trolled demographic diversity appears to bridge the domain gap to in-the-wild settings
more effectively than staged data, despite being fully synthetic. This aligns with the do-
main shift analysis (Section 5.1.2.1), where OF-Syn exhibits closer feature-space similarity
to OF-ItW than individual staged datasets.

training on of-staged+of-synthetic Combined training on OF-Staged(CS) and
OF-Synthetic(Ra) yields the best overall performance (Table 22), reaching 65.6% Fall F1 on



5.1 omnifall 93

OF-In-the-Wild while maintaining 85.4% accuracy on CMDFall CS. The improvement over
OF-Syn alone is marginal (+1.4 F1 points), suggesting that synthetic data with controlled
diversity already captures most of the variation needed for real-world generalization.

radar-plot visualizations We present class-wise results on the eight most frequent
classes in Figure 34. As expected, F1-Score and Sensitivity positively correlate with class
frequency, while specificity slightly negatively correlates. All our dataset contributions
provide models that strongly dominate over CMDFall training. OF-Syn training improves
over OF-Staged training with OF Staged+Syn slightly improving on Fall and Fallen scores.

cross-attribute splits We provide a short evaluation of cross-age and cross-BMI
training on OF-Syn in Figure 35 and report metrics for the class Fall. Here we train on the
age groups young adult and middle aged and evaluate on toddlers, children, and elderly. We
observe a marked drop in sensitivity, and for toddlers, also in F1 score. Slight negative
effects are also visible for cross-BMI training.

5.1.2.2 Timeline segmentation

Thanks to its dense labels and its multi-domain coverage, OmniFall supports OOD time-
line segmentation studies.

To demonstrate, we train ASQuery [82] at 10 fps using two frozen feature families:
I3D [30] (motion-centric) and SigLIP2 (SL2; appearance-centric). We consider three train-
ing sets—OF-Staged, OF-Synthetic, and their union OF-Sta∪OF-Syn—and evaluate
on in-distribution staged test splits and out-of-distribution OF-ItW. We report F1@IoU
(10/25/50), normalized Edit, and frame accuracy (Table 23).

feature comparison. Across all training and test regimes, SL2 outperforms I3D.
On OF-Sta (in-distribution), SL2 attains F1@50 of 72.70–78.11 % vs. I3D’s 66.51–72.17 %.
The gap persists on OF-ItW: 27.60–28.61 % (SL2) vs. 14.17–26.37 % (I3D). This suggests
appearance-centric embeddings are less sensitive to the synthetic→real shift.

training data comparison. For SL2, training on OF-Synthetic alone achieves F1@50
of 27.60 % on OF-ItW, surpassing OF-Staged (20.26 %) and approaching OF-Sta∪OF-Syn
(28.61 %). For I3D, the pattern reverses: OF-Staged yields 26.37 % vs. OF-Synthetic at
14.17 % on OF-ItW. This indicates synthetic data supplies appearance diversity that benefits
frame-appearance features, while staged data better supports motion dynamics captured by I3D.
OF-Sta∪OF-Syn on SL2 provides best overall robustness.

Overall, OmniFall exposes a challenging staged→wild transfer: models that score highly
in controlled settings lose precision in OF-ItW, where appearance, motion, and camera
factors vary widely. Coupling dense framewise timelines with complementary domains
(staged motion structure, synthetic appearance diversity, real wild variability) under a
unified protocol, OmniFall provides a rigorous, reproducible benchmark, testing timeline
segmentation methods that must balance boundary precision and domain robustness.
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5.2 avatar-based anonymization with privacy guarantees

This section is based on our paper presented at the 2nd International Workshop for
Privacy-Preserving Computer Vision at ECCV 2024 [222]. Significant parts of this work,
including the concept of selective application of differential privacy were developed dur-
ing a research internship at Sony Europe B.V., Hoofddorp, Schlieren/Switzerland Branch.

How can synthetic data generation be used for anonymizing activity recognition
without risking information leakage from background or context areas? This sec-
tion introduces MaskDP (Masked Differential Privacy), a hybrid privacy frame-
work combining avatar-based anonymization with differential privacy. By decom-
posing videos into synthetic avatar regions (assumed non-identifying through
visual appearance) and remaining sensitive spatio-temporal regions, MaskDP ap-
plies differential privacy exclusively to designated sensitive areas, achieving formal
(𝜖, 𝛿)-differential privacy guarantees for those regions while significantly reduc-
ing the utility penalty typically associated with standard differential privacy. This
approach does not provide end-to-end differential privacy for complete videos; in-
stead, it offers selective formal guarantees for explicitly marked sensitive regions,
while relying on synthetic avatar anonymization for subject protection.
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Figure 36: In our experiments we apply MaskDP on anonymized datasets containing non-sensitive
synthetic humans. Only real-world data is considered private and needs protection.

In the past two decades, human activity recognition [30, 62, 121, 274] in videos has
gained significant attention for its wide applications in video retrieval, behavior analy-
sis, surveillance, and video understanding tasks. Despite notable progress in this field,
concerns about data privacy have escalated as videos often contain sensitive information,
such as human faces and other personal attributes. Safeguarding individuals’ privacy
rights in video understanding is not only a legal and ethical obligation but also a necessity
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Figure 37: Overview of our video anonymization framework. The process includes: 1 3D pose
estimation, 2 Synthetic human rendering using SMPL-H, 3 Background inpainting to remove
original persons, 4 Merging of synthetic avatar and inpainted background, and 5 Diffusion-
based refinement. This pipeline effectively anonymizes individuals while preserving video quality
and context.

to build up user trust under regulatory frameworks, such as GDPR [202], CCPA [118], and
EU AI Act [184]. Without rigorous privacy measures, there are substantial risks of misuse,
emphasizing the need for effective privacy-preserving techniques.

Recent efforts to integrate privacy-preserving measures into video-based activity recog-
nition can be categorized into three approaches: obfuscation-based methods [55, 78],
training on purely synthetic data [44, 56, 109, 266], and training with Differential Pri-
vacy [152]. However, each approach faces limitations: obfuscation methods typically lack
formal guarantees, while standard DP incurs substantial utility penalties when treating
entire videos as protected units.

Modern advances in 3D human pose and shape estimation [89, 150, 211] enable au-
tomatic generation of synthetic avatar replacements for real humans without manual
intervention, providing scalable anonymization of human subjects in video data. How-
ever, such rendering-based methods cannot reliably synthesize environmental contexts,
background interactions, or scene-specific details that remain critical for recognition per-
formance. This technical asymmetry (reliable human synthesis but limited context gener-
ation) creates a challenge for privacy-preserving video analysis.

While much existing anonymization work focuses exclusively on protecting human
identity through facial blurring, person removal, or avatar replacement, background in-
formation itself poses significant re-identification risks that such approaches overlook.
Living environments, room layouts, personal objects, and contextual cues can reveal iden-
tifying information about individuals even when human subjects are fully anonymized.
Home monitoring scenarios (such as those in the Toyota Smarthome dataset) particularly
exemplify this privacy gap, where environmental context may be as identifying as the
individuals themselves.

Our framework addresses these challenges through complete pixel-level coverage using
two complementary privacy mechanisms. Every pixel in the video is protected by exactly
one of two methods: (1) human subject regions are replaced with synthetic avatars gener-
ated from 3D pose estimation, removing identifying visual appearance; (2) all remaining
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regions (background, objects, environmental context) receive formal differential privacy
protection during model training (Figure 36). This decomposition ensures comprehensive
privacy coverage while preserving the contextual information that isolated avatars would
discard (Table 24 demonstrates that avatar-only approaches lose up to 84% performance
on context-dependent datasets).

Alternative approaches prove insufficient for achieving both privacy and utility. Ap-
plying differential privacy to entire videos results in severe utility degradation, with
prior work [152] demonstrating that even at lenient privacy budgets (𝜖 = 5), standard
DP substantially reduces performance. Conversely, avatar-based anonymization without
background preservation discards critical context. Neither approach alone satisfies the
dual requirements of comprehensive privacy and task utility.

A critical property distinguishing our approach from detector-based anonymization
methods is the exact pixel-level knowledge provided by rendering-based avatar gener-
ation. The rendering process provides perfect binary masks indicating precisely which
pixels contain synthesized avatars: when pose estimation succeeds and rendering occurs,
we know exactly which pixels were rendered; when pose estimation fails, no rendering
occurs and those pixels remain as original background requiring differential privacy pro-
tection. This complete knowledge eliminates coverage gaps that could arise from detector
failures in segmentation-based approaches; every pixel is definitively classified as either
rendered (avatar region) or non-rendered (background region requiring DP). Unlike per-
son segmentation networks that may produce uncertain or incorrect masks on difficult
poses, unusual viewpoints, or occluded subjects, our masks reflect the ground truth of
what was actually synthesized, ensuring that privacy mechanisms are applied across all
frames and pixels without exception. Applications relying on imperfect detectors risk
privacy leakage when segmentation errors leave sensitive regions unprotected.

Based on this complete coverage framework, we introduce Masked Differential Privacy
(MaskDP), a novel relaxation of standard Differential Privacy that leverages the perfect
pixel-level masks from rendering. MaskDP decomposes videos into public tokens (syn-
thetic avatar regions assumed non-identifying through visual appearance) and private
tokens (remaining regions requiring formal protection). By applying differential privacy
exclusively to private tokens, MaskDP achieves higher utility than standard DP (which
protects entire videos indiscriminately) while maintaining formal (𝜖, 𝛿)-differential pri-
vacy guarantees for all non-anonymized regions.

The MaskDP framework explicitly does not provide differential privacy guarantees for
full video samples. Rather, MaskDP provides formal (𝜖, 𝛿)-differential privacy guaran-
tees exclusively for explicitly defined privacy-sensitive spatio-temporal regions marked
by mask function 𝑀. Non-protected regions rely on anonymization techniques (avatar re-
placement). This hybrid privacy model combines the utility benefits of selective protection
with formal guarantees for designated sensitive regions.

5.2.1 Preliminaries

Differential privacy (DP) [67] serves as a gold standard for ensuring the privacy of in-
dividuals’ sensitive data. In simple terms, DP ensures that the output of an algorithm
remains consistent regardless of whether a specific individual’s data is included in the
dataset. This means that an external observer who has access to the entire dataset except
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for one individual’s information cannot determine with high probability whether that
specific individual’s data is part of the input. We provide a formal definition of DP below.
Definition 5.1 (Differential Privacy [67]). Given 𝜖 > 0 and 𝛿 > 0, a randomized algorithm𝒜
satisfies (𝜖, 𝛿)-differential privacy, if for all possible pairs of adjacent datasets𝒟 and𝒟 ′ differing
by at most one record, denoted as 𝒟 ∼ 𝒟 ′, and for any possible set of outputs 𝑆 ⊆ 𝑅𝑎𝑛𝑔𝑒(𝒜),
we have:

Pr[𝒜(𝒟) ∈ 𝑆] ≤ 𝑒𝜖 Pr[𝒜(𝒟 ′) ∈ 𝑆] + 𝛿.
The parameter 𝜖 is referred to as the “privacy budget” or “privacy cost,” which balances

the trade-off between privacy and utility. A smaller 𝜖 provides stronger privacy guarantees
but might result in reduced utility. The parameter 𝛿 serves as a small failure probability,
ensuring the robustness of the privacy mechanism. In the context of deep learning, DP
techniques are employed during the model training process to protect the privacy of
training data. The most popular algorithm, Differentially Private Stochastic Gradient
Descent (DP-SGD) [1], involves adding carefully calibrated noise to the clipped gradients
computed during training, obscuring the contribution of individual data points.

threat model. Our framework addresses privacy risks in activity recognition where
the training videos contain sensitive information in specific spatio-temporal regions. This
framework protects the training dataset under the assumption that an adversary has
access to the trained model. The privacy guarantees ensure that observing the model’s
behavior does not reveal whether specific training samples were included in the dataset.
This is not a method for safe data release; rather, it enables training models on sensitive
data while protecting members of the training set from information extraction attacks by
parties who deploy or interact with the trained model.

We assume an adversary with full access to the trained model (white-box access includ-
ing model parameters and architecture) and knowledge of the training algorithm, but
without direct access to the training dataset itself. The adversary may possess auxiliary
information about individuals or contexts, and may attempt membership inference at-
tacks (determining whether a specific video was in the training set) or attribute inference
attacks (inferring sensitive attributes about individuals or environments from the model).
We assume activity labels themselves are not privacy-sensitive and do not require protec-
tion; our privacy guarantees apply only to the video content (pixels) within designated
private regions.

Our privacy guarantees protect against such inference attacks on regions marked as
private by mask function 𝑀, providing formal (𝜖, 𝛿)-differential privacy bounds on in-
formation leakage from those specific regions. This means an adversary observing the
trained model cannot reliably determine whether any specific private token (e.g., back-
ground pixel) from a single video frame was present in the training data, with probability
bounded by 𝑒𝜖 + 𝛿.

However, our threat model explicitly excludes several attack scenarios: (1) behavioral
biometric re-identification through gait or movement patterns preserved in synthetic
avatars, (2) privacy breaches during the preprocessing/anonymization stage that oper-
ates on raw data, and (3) composition attacks that combine information from avatar
movements with differentially-private background information. These excluded scenar-
ios represent known limitations of our hybrid privacy approach rather than failures of
the differential privacy mechanism itself.
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5.2.2 Masked Differentially Private Training

While differential privacy protects information of dataset records, defining the composi-
tion of a record significantly influences both privacy and utility. Previous methods in the
field of computer vision apply DP on the individual image or video level. For masked
differential privacy we assume additional knowledge about the spatial or temporal region
of sensitive information within a dataset sample and limit the application of differential
privacy to that region. This allows us to decompose visual data into sets of tokens 𝒯pr and
𝒯pu where only 𝒯pr are considered private while 𝒯pu are non-sensitive public tokens.

Hence, we introduce Masked Differential Privacy (MaskDP) to formally analyze privacy
guarantees of an algorithm that offers exclusive protection of specific components of
individual data points, rather than the entire record. To this end, we first define the notion
of masked adjacency, which extends Definition 5.1 and is the key concept in our definition
of MaskDP:

Definition 5.2 (Masked Adjacency). Let 𝒟 = {𝑥(1), . . . , 𝑥(𝑁)} be a dataset of size 𝑁 , where
each record 𝑥(𝑖) = {𝑥(𝑖)1 , . . . , 𝑥(𝑖)

𝐾
} is partitioned into 𝐾 tokens. Let 𝑀 ) [𝑁] × [𝐾] → {0, 1}

be a mask function indicating which tokens are protected, where 𝑀(𝑖, 𝑘) = 1 if and only if 𝑥(𝑖)
𝑘

is protected. Consider another dataset 𝒟 ′ = {𝑥 ′(1), . . . , 𝑥 ′(𝑁)}, and for all 𝑖 ∈ {1, . . . ,𝑁}, let
𝑆𝑖 = {𝑘 ∈ [𝐾] ) 𝑀(𝑖, 𝑘) = 1}. Then 𝒟 is masked-adjacent to 𝒟 ′, denoted as 𝒟 ∼𝑀 𝒟 ′, if and
only if ∃𝑖 ∈ [𝑁] such that ∀𝑗 ∈ [𝑁], 𝑗 ≠ 𝑖 ) 𝑥(𝑗) = 𝑥 ′(𝑗) and ∀𝑘 ∈ [𝐾] \ 𝑆𝑖 ) 𝑥(𝑖)𝑘 = 𝑥

′(𝑖)
𝑘

and
∃𝑙 ∈ 𝑆𝑖 such that 𝑥(𝑖)

𝑙
≠ 𝑥

′(𝑖)
𝑙

.

Intuitively, when two datasets𝒟 and𝒟 ′ are masked adjacent, it implies that they are
almost identical except in one record, where a change occurs only in the tokens that are
specifically marked as sensitive by the mask function 𝑀.

Based on the above definition, we can now formally define MaskDP (Definition 5.3):

Definition 5.3 (Masked Differential Privacy (MaskDP)). Given 𝜖 > 0, 𝛿 > 0, and mask
function 𝑀, a randomized algorithm𝒜 satisfies (𝜖, 𝛿)-MaskDP, if for all possible pairs of masked
adjacent datasets 𝒟 ∼𝑀 𝒟 ′ under 𝑀, and for any possible set of outputs 𝑆 ⊆ 𝑅𝑎𝑛𝑔𝑒(𝒜), we
have:

Pr[𝒜(𝒟) ∈ 𝑆] ≤ 𝑒𝜖 Pr[𝒜(𝒟 ′) ∈ 𝑆] + 𝛿.

This definition formalizes the idea that privacy protection targets specific components
within individual records, as opposed to protecting each record in its entirety.

remark. Note that the only distinction between standard DP and MaskDP lies in the
concept of dataset adjacency. As a result, fundamental properties of DP, including post-
processing, composition, and privacy amplification theorems [1, 67, 279], also hold for
MaskDP as they do not depend on any specific definition of adjacency. Moreover, the
above definition readily extends to other variants of DP, such as Renyi DP [169], only by
considering Definition 5.2 as the notion of adjacency between datasets.

learning with maskdp Algorithm 1 presents our proposed framework for imple-
menting MaskDP-SGD, designed for training robust privacy-preserving neural networks
on sensitive datasets.
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Algorithmus 1 : MaskDP-SGD
Input : Dataset𝒟 = {(x1, y1), . . . , (x𝑁 , y𝑁 )}; Task modelℳΘ with parameters Θ; Video

function 𝑓tok; Loss functionℒ; Number of epochs 𝑇; Batch size 𝐵; Gradient clipping
threshold 𝐶; noise standard deviation 𝜎; Learning rate 𝜂;

Result : MaskDP Trained modelℳΘ

1 Initialize Θ
2 for 𝑡 ∈ [𝑇 · 𝑁ℬ ] do
3 Sample a batch ℬ𝑡 by selecting each 𝑖 ∈ [𝑁] independently with probability 𝐵/𝑁
4 for 𝑖 ∈ ℬ𝑡 do

⊲ Tokenize video into private and public tokens.

5 𝒯 (𝑡,𝑖)pr , 𝒯 (𝑡,𝑖)pu ← 𝑓tok(x̃𝑖 , r𝑖)
⊲ Compute gradients for both token sets

6 𝑔
𝑡,𝑖
pu ← ∇Θℒ(ℳΘ(𝒯 (𝑡,𝑖)pu ), y𝑖)

7 𝑔
𝑡,𝑖
pr ← ∇Θℒ(ℳΘ(𝒯 (𝑡,𝑖)pr ), y𝑖)

⊲ Clip gradients of private tokens

8 𝑔̄
𝑡,𝑖
pr ← 𝑔

𝑡,𝑖
pr ·min(1, 𝐶

∥𝑔𝑡,𝑖pr∥2
)

9 end
⊲ Compute total gradient, add noise, and update parameters

10 𝑔𝑡pu ←
∑|ℬ𝑡 |
𝑖=1

𝑔
𝑡,𝑖
pu, 𝑔̄𝑡pr ←

∑|ℬ𝑡 |
𝑖=1

𝑔̄
𝑡,𝑖
pr +𝒩(0, 𝜎2®𝐼)

11 𝑔𝑡total ←
1
|ℬ𝑡 |

(
𝑔𝑡pu + 𝑔̄𝑡pr

)
12 Θ← Θ− 𝜂𝑔𝑡total
13 end
14 returnℳΘ

The algorithm computes the gradients of the model’s loss function for both 𝒯pu and 𝒯pr
token sets, separately. Only the gradients of background tokens 𝒯pr are clipped to bound
their contribution to the model update, followed by the addition of Gaussian noise.

The following theorem analyzes the privacy cost of our proposed algorithm. The proof
is deferred to Section A.1 in the appendix.

Theorem 5.4. Given a dataset 𝒟 of size 𝑁 , batch-size 𝐵 < 𝑁 , number of training epochs 𝑇,
gradient clipping threshold 𝐶 > 0, and Gaussian noise standard deviation 𝜎 > 0, Algorithm 1
satisfies (𝜖, 𝛿)-MaskDP for any given 𝛿 ∈ (0, 1), where:

𝜖 ≤ min
𝛼>1

𝑇𝑁/𝐵(𝛼−1) log
{
(1− 𝐵/𝑁)𝛼−1 (𝛼𝐵/𝑁 − 𝐵/𝑁 + 1)

+
(
𝛼
2

)
(𝐵/𝑁)2 (1− 𝐵/𝑁)𝛼−2 𝑒𝐶2/𝜎2

+
𝛼∑
𝑙=3

(
𝛼
𝑙

)
(1− 𝐵/𝑁)𝛼−𝑙 (𝐵/𝑁)𝑙 𝑒(𝑙−1)(𝐶2𝑙/2𝜎2)


+ log (𝛼−1/𝛼) − (log 𝛿+log 𝛼)/(𝛼−1),

providing that the labels are not protected, i.e., assuming the label to be the first token of every
record, then ∀𝑖 ∈ [𝑁],𝑀(𝑖, 1) = 0.
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Figure 38: Anonymization examples from NTU RGB+D 60 (a), Toyota Smarthome (b) and UCF-101
(c). Our anonymization method can be applied to difficult poses (a) and maintains important
context information such as food on a table or a kitchen environment (b).

5.2.3 Anonymization

This section presents our video anonymization approach that effectively preserves indi-
vidual privacy while maintaining video quality and contextual integrity. Our methodol-
ogy integrates advanced pose estimation, 3D avatar rendering, and diffusion models to
achieve high-fidelity, privacy-preserving video anonymization, as illustrated in Figure 37
and delineated in Algorithm 2. Anonymization examples are shown in Figure 38.

The process initiates with the application of a pose estimation network 𝑓pos [89] on a
video 𝑥 to extract temporally tracked 3D pose information, denoted as p. Subsequently,
our custom rendering function 𝑓ren synthesizes diverse virtual humans using the SMPL-H
model [150, 211]. The output of 𝑓ren(p) comprises rendered avatars h, corresponding depth
maps, and image masks r for the rendered subjects. Concurrently, we generate a person
mask q utilizing the segmentation network 𝑓seg [138]. To ensure temporal consistency,
we apply operation 𝐵 to q; unflickering the masks across frames while simultaneously
growing them slightly and applying a Gaussian kernel for alpha blending on edges.

An inpainting mechanism 𝑓inp [143] is applied on 𝑥 to remove any originally visible
person, using the person mask q, resulting in ¤x. The synthetic avatars are then merged
with this inpainted background, yielding ¥𝑥. A temporally smooth tubelet video crop
operation is then executed on ¥𝑥, r, and q, yielding one or multiple tubelets ¥𝑥 𝑗 , r𝑗 , and q𝑗 .

5.2.3.1 Multi-Conditional Diffusion Refinement

For each tubelet crop ¥𝑥 𝑗 , which contains both the synthetic avatar and its surrounding
background context, we extract three distinct conditioning signals: depth maps 𝐶𝑑 using
a ZoeDepth detector 𝐸( ¤𝑥 𝑗), human pose keypoints 𝐶𝑝 via pose detection 𝑃( ¥𝑥 𝑗), and facial
landmark keypoints 𝐶 𝑓 through face detection 𝐹( ¥𝑥 𝑗). These conditioning signals provide
structural and anatomical constraints that ensure the refined output maintains accurate
human proportions and movements while enhancing visual fidelity.

Our diffusion function 𝐺 implements a specialized pipeline integrating a pre-trained
Stable Diffusion model with AnimateDiff [98] temporal layers and three parallel controlnet
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Algorithmus 2 : Diffusion-refined synthetic humans
Input : Raw Video x; Pose estimation 𝑓pos; Rendering 𝑓ren; Person segmentation 𝑓seg; Video

inpainting 𝑓inp
Result : Anonymized Video x̃

1 p← 𝑓pos(x) ⊲ Estimate 4D poses

2 h, r← 𝑓ren(p) ⊲ Generate avatars and render masks

3 q← 𝑓seg(x) ⊲ Generate person masks

4 q← 𝐵(q) ⊲ Unflicker and smooth masks

5 ¤x← 𝑓inp(x, q) ⊲ Inpaint to remove persons

6 ¥𝑥 ←Merge(¤x, ℎ, 𝑟) ⊲ Overlay avatars

7 { ¥𝑥 𝑗 , r𝑗 , q𝑗}𝑀𝑗=1 ← 𝐶(¤x, r, q) ⊲ Smooth video crops

8 𝑥̂ ← [] for 𝑗 ← 1 to 𝑀 do
// Depth, pose, face keypoint detection

9 𝐶𝑑,𝐶𝑝 ,𝐶 𝑓 ← 𝐸( ¥𝑥 𝑗),𝑃( ¥𝑥 𝑗), 𝐹( ¥𝑥 𝑗)
10 𝑥̂ 𝑗 ← 𝐺( ¥𝑥 𝑗 ,𝐶𝑑,𝐶𝑝 ,𝐶 𝑓 ) ⊲ Video diffusion

11 𝑥̂ ← 𝑥̂ ∪ {𝑥̂ 𝑗}
12 end
13 x̃← 𝐾(¤x, {𝑥̂ 𝑗}𝑀𝑗=1, {q𝑗}

𝑀
𝑗=1
) ⊲ Reintegrate

14 return x̃, r

modules. While standard image diffusion models operate on individual frames indepen-
dently, AnimateDiff extends this capability to the temporal dimension by introducing
motion modeling layers that enforce inter-frame consistency. However, AnimateDiff’s ar-
chitecture is inherently constrained to processing a limited number of frames (typically
16) simultaneously due to its training configuration and memory constraints.

To overcome this limitation and enable processing of arbitrarily long videos, we adapt
and extend a multi-resolution sampling approach for unbounded video generation that
emerged from the open-source community. We implement this technique within our
multi-conditional diffusion pipeline, applying it to both the input frames and the control
signals that guide video generation.

This method generates overlapping frame sets at exponentially increasing stride values.
For a video with 𝑁 𝑓 frames and a model capacity of 𝐿 frames, the maximum stride level
𝑆 is determined as:

𝑆 = min(𝑆max, ⌈log2(𝑁 𝑓 /𝐿)⌉ + 1)
For each stride 𝑠 ∈ {20, 21, ..., 2𝑆−1}, frame sets 𝐹𝑗 are generated starting at positions 𝑗

with:
𝐹𝑗 = {(𝑗 + 𝑖 · 𝑠) mod 𝑁 𝑓 | 𝑖 ∈ [0, 𝐿)}

During each denoising step, the scheduler iterates through multiple context windows,
processing subsets of frames and accumulating predictions in a weighted manner. We
maintain running totals of noise predictions and frame counts, aggregating contributions
from all context windows that include each frame. The final noise prediction for each
frame is computed as a weighted average, ensuring smooth transitions between context
windows.

In our implementation we extend this sampling strategy to multiple conditioning sig-
nals. The same context windows are applied consistently to both the input frames and all
three conditioning signals (depth maps 𝑐𝑑, pose keypoints 𝑐𝑝 , and facial landmarks 𝑐 𝑓 ),
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ensuring proper alignment throughout the diffusion process. For each context window,
the controlnet modules process the corresponding conditioning frames and modulate the
UNet backbone to guide the generation.

For each action category in our dataset, we generate class-specific text prompts that
semantically guide the diffusion model. These prompts describe realistic human appear-
ances while preserving action-specific characteristics, significantly improving the quality
and relevance of the generated outputs. The prompts are consistently applied across all
frame sets belonging to the same video.

After processing all frame sets at all stride levels, we obtain multiple refined predictions
for each original frame. These predictions are aggregated by averaging in latent space,
with each prediction contributing equally to the final result. The accumulation process
naturally gives more weight to frames that appear in multiple context windows, ensuring
a smooth blending between different temporal scales.

The final aggregated latent representations are decoded back to pixel space, yielding
refined versions of the tubelet crops that include both the enhanced avatar and potentially
modified background regions. To preserve the original background integrity, we use the
person masks {q𝑗}𝑀𝑗=1 to extract only the refined avatar portions 𝑥̂ 𝑗 from these outputs,
which are then carefully blended with the original inpainted background ¤x. This ap-
proach ensures improved integration of the avatar with its environment while preventing
unwanted modifications to the background.

This process is repeated for each video in the dataset, resulting in an anonymized video
dataset𝒟 ′′ = {(x̃1, r1, y1), . . . , (x̃𝑁 , r𝑁 , y𝑁 )}. Since r𝑖 provides pixel-wise exact information
of the presence of synthetic data, spatio-temporal regions which are masked as such can be
considered completely anonymous and do not need additional privacy measures, while
non-synthesized regions undergo masked differentially private training.

There are limitations to this concept of anonymization which are addressed in Sec-
tion 5.2.6.

5.2.4 Experiments

In this section, we evaluate MaskDP in comparison to standard differentially private train-
ing (DP-SGD) on synthetically anonymized datasets which only require region specific
privacy. We follow similar work [152] and focus our experiments on the utility privacy
tradeoff given a certain privacy budget 𝜖, rather than trying to approximate effective
privacy with simulated attacks.

5.2.4.1 Datasets

Our experiments target multiple diverse and common human activity recognition
datasets. NTU RGB+D [228] is a balanced dataset containing 56K video samples labeled
with 60 action categories and recorded in a very controlled setup. Toyota Smarthome [52]
comprises over 16K video clips containing 31 activities of daily living performed by mul-
tiple actors within an apartment which results in background and context information
being descriptive of the performed activity. UCF-101[242] is a comparatively small activ-
ity recognition dataset containing videos of actions performed in complex environments.
Utility on NTU RGB+D as well as UCF-101 is measured by classification accuracy, Toy-
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ota Smarthome is an unbalanced dataset and evaluation is measured by mean per-class
accuracy (mPCA).

We apply our anonymization pipeline to these datasets as described in Section 5.2.3.
This process replaces real human subjects with synthetically-generated avatars while
maintaining the original background and context. This allows us to create partially syn-
thetic datasets where synthetically generated data is considered non-sensitive. To ablate
the diffusion step in our pipeline we provide experiments for both, rendered synthetic
avatars as well as the additional refinement, referencing to this data as either Render or
Rend+Diff in Tables 25 and 26 in contrast to the unmodified data (Real). Note, that in this
setup it is the background information which is considered sensitive due to its insight
about the living environment of a specific subject. This is in contrast to approaches which
ignore sensitive information contained in background environments.

5.2.4.2 Implementation Details

We utilize MViTv2-S[142] for action classification with Kinetics-400 [123] pre-trained
weights, selectively fine-tuned using DP-SGD, similar to [152]. This approach maintains
higher utility than full fine-tuning, as DP-SGD may erode prior knowledge. MViTv2-S, a
Transformer model, uses LayerNorm instead of BatchNorm and meets the requirements of
differential privacy. Experiments are conducted with batch size 128, employing (Masked)
DP-SGD with a clipping threshold of 1 and a 0.01 learning rate over 150 epochs for NTU
RGB+D and Toyota Smarthome and 300 epochs for UCF-101. The training includes a 20-
epoch warmup followed by cosine decay. Non-private training uses standard SGD with
identical parameters.

Data augmentation is used in non-private training but was excluded in our privacy-
focused training since the noise added during training already acts as a regularizer and
especially with low-𝜖 settings training might not converge. We set 𝛿 for (Masked) DP-
SGD at 10−6 for NTU RGB+D and 10−5 for Toyota Smarthome and UCF-101. We use
Opacus to implement (Masked) DP-SGD and report results for multiple 𝜖 in all DP-related
experiments. For each 𝜖 value, we calibrate the noise multiplier to achieve the desired
privacy level.

5.2.5 Results

5.2.5.1 The Importance of Context

Figure 39: Examples for the data used in each row of Table 24.
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Table 24: Performances on NTU RGB+D, Toyota Smarthome (TS) and UCF-101 without differen-
tially private training.

Description Privacy
NTU TS UCF

Acc mPCA Acc

Real World None 83.8 52.7 97.6

Isolated Avatar Full 54.8 8.8 46.8
Inpainted Background Person 9.9 10.6 93.0

Render on Background Person 68.3 26.7 94.7
RoB + Diffusion Person 75.4 39.5 95.4

To quantify our anonymization pipeline’s impact and to assess contextual importance,
we analyze performance across NTU RGB+D 60 (NTU), Toyota Smarthome (TS), and
UCF-101 (UCF) datasets without the application of differential privacy (Table 24, exam-
ples in Figure 39). Real-world baselines establish upper bounds, with TS exhibiting the
highest complexity. Isolated avatars preserve privacy but significantly compromise utility,
particularly in TS (8.8% accuracy). NTU’s controlled environment with uniform office
background mitigates this effect (54.8% accuracy), benefiting moderately from contex-
tual information. Notably, inpainted backgrounds alone maintain high accuracy only in
UCF (93.0%), indicating its strong context dependence and suggesting heavy reliance on
contextual cues.

Rendering avatars on real backgrounds substantially improves performance: NTU
(68.3% vs 54.8%), TS (26.7% vs 8.8%), UCF (94.7% vs 46.8%). Incorporating our diffusion
technique further enhances results, with TS showing the most significant gain (39.5%,
+12.8%). These improvements underscore the critical role of real-world context, motivat-
ing our approach to combine synthetic avatars with real-world backgrounds. Especially
on NTU and UCF we reach full person anonymization while achieving a comparatively
small synthetic-to-real utility domain gap. For setups which consider background infor-
mation non-sensitive, our approach can directly be applied, for setups in which context
itself is considered private we refer to our MaskDP experiments in Section 5.2.5.2.

5.2.5.2 MaskDP on Anonymized Activity Datasets

In order to evaluate Masked Differential Privacy (MaskDP) introduced in Section 5.2.2,
we perform experiments with varying 𝜖 on combinations of fully real-world and person-
anonymized data as well as normal differential privacy (DP) and MaskDP. We compare
training on anonymized and non-anonymized datasets and report the non-private training
results (indicated by 𝜖 = ) as an upper bound. Table 25 displays our results on NTU
RGB+D [228] as well as Toyota Smarthome [52].

Two competing effects are visible, a synthetic-to-real domain gap as analyzed in Sec-
tion 5.2.5.1 reducing performance by switching from purely real world to anonymized
data as well as a loss of performance with progressively tighter privacy budget 𝜖. Stan-
dard DP provides full differential privacy on a complete video clip, but suffers from
prohibitive utility loss for 𝜖 ≤ 1 which is considered strongly private. For input data
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Table 25: Accuracy for NTU RGB+D and mean Per Class Accuracy for Toyota Smarthome contrast-
ing the model’s performance with synthetic and anonymized data under Differential Privacy (DP)
and Masked Differential Privacy (MaskDP) across various epsilon values.

Data Privacy
{Acc,mPCA}@𝜖

0.1 0.25 0.5 0.75 1 5

N
TU

R
G

B+
D

60

Real DP 1.9 2.4 15.9 49.9 55.2 70.8 83.8

Render DP 1.7 2.3 14.3 30.7 39.2 52.9 68.3

Render MaskDP 4.2 16.2 35.5 48.3 51.0 58.0 68.3

Rend.+Diff DP 2.1 2.8 34.5 51.2 56.3 65.0 75.4
Rend.+Diff MaskDP 8.1 19.9 48.6 54.0 60.0 64.9 75.4

Real★ MaskDP★ 4.6 26.6 60.8 61.0 72.1 77.3 83.8

TS
H

Real DP 2.6 3.8 8.0 14.0 20.2 29.9 52.7

Render DP 3.0 3.6 4.4 4.7 7.3 16.9 26.7
Render MaskDP 3.2 9.1 11.1 14.4 16.9 17.1 26.7
Rend.+Diff DP 4.0 7.0 14.9 23.8 28.0 32.5 39.5
Rend.+Diff MaskDP 12.4 15.4 22.3 24.9 25.6 27.8 39.5

Real★ MaskDP★ 3.9 15.3 18.9 24.3 27.3 32.3 52.7

★ Real human visible, non-private, listed to show domain gap.

which is anonymized, MaskDP can be used, limiting DP application to sensitive image
regions and significantly improving utility on both datasets. To further analyze the effect
if the domain gap on MaskDP results, we also applied MaskDP on non-anonymized data,
utilizing the person masks from our anonymization pipeline and find that performance
significantly increases in all settings, e.g. from 48.6 % to 60.8 % on NTU RGB+D for 𝜖 = 0.5,
indicating that MaskDP profits from increasingly realistic data synthesis methods.

In Table 26 we list corresponding results for UCF-101. For 𝜖 5, this also allows us
to compare our implementation to the experiments described in [152]. In our work we
leverage MviTv2[142] while [152] makes use of MViT [72], as a result we are able to
achieve significantly better results on the same baseline settings. [152] provide additional
results for their complementary method of multi-clip training, for comparability we refer
to their single clip results. MaskDP on UCF-101 generally displays similar patterns to the
experiments on NTU RGB+D and Toyota Smarthome, but limited to improvements within
𝜖 ≤ 0.75.

5.2.5.3 Differential Privacy on Imbalanced Datasets

Differentially private training limits the impact of individual data samples on the final
model, which can significantly impair performance on minority classes with few training
samples. This is particularly evident in the imbalanced Toyota Smarthome dataset, as
illustrated in Figure 40 for 𝜖 = 5.

Each bar contains a smaller dark gray bar representing the class’s share of samples in the
dataset. The upper graph shows DP performance in comparison to standard SGD training,
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Table 26: Accuracy on UCF-101 contrasting the model’s performance with synthetic and
anonymized data under Differential Privacy (DP) and Masked Differential Privacy (MaskDP)
across various epsilon values.

Data Privacy
Acc@𝜖

0.25 0.5 0.75 1 5

U
C

F-
10

1
Real [152] DP —— 75.1 —

Real DP 1.4 2.7 28.4 77.1 93.1 97.6
Render DP 1.6 2.4 6.8 57.4 89.0 94.7
Render MaskDP 2.0 19.0 38.5 58.4 85.3 94.7
Rend.+Diff DP 1.0 2.0 10.4 57.8 92.0 95.4

Rend.+Diff MaskDP 8.6 36.2 59.1 72.9 91.0 95.4

Figure 40: Class-wise accuracy loss on Toyota Smarthome compared to real world non-private
training when applying DP (upper) and regain of accuracy upon applying MaskDP (lower) on
anonymized data for 𝜖 = 5. Class distribution marked in dark grey bars within.

while the lower graph shows MaskDP performance in comparison to DP training, thereby
first displaying the detrimental effects of DP on minority classes and then presenting how
MaskDP alleviates this effect.

DP training sacrifices performance on minority classes, maintaining good results on few
majority classes like Stir, Eat and Walk. While MaskDP does not match the performance
of SGD training, it demonstrates a notable ability to recover utility across multiple classes.
This improvement is particularly visible for minority classes such as Usestove, Pour Bottle,
and Takepills which are not recognized at all with DP training.

5.2.6 Limitations

Our framework employs a hybrid privacy approach combining anonymization with for-
mal differential privacy. This design choice introduces important limitations that users
should carefully consider:

privacy model boundaries. The combination of avatar anonymization and selective
differential privacy does not provide the same guarantees as full-video differential privacy.
MaskDP provides formal (𝜖, 𝛿)-differential privacy guarantees exclusively for regions
marked as private by mask function 𝑀. Avatar regions rely on anonymization without
formal privacy analysis. While synthetic avatars remove identifying visual features (faces,
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skin tone, clothing), they preserve motion patterns and body shapes that may enable
re-identification through gait signatures [32, 71, 144], body proportions, or behavioral
dynamics. Body shape information leakage is easily mitigated by randomizing SMPL
body shape parameters during avatar generation, whereas motion patterns present a
more substantial privacy challenge. The assumption that avatars adequately anonymize
human identity holds when visual appearance is the primary identifying factor, but
may not hold when behavioral biometrics themselves are sensitive or when adversaries
possess auxiliary information about movement patterns. Future research can address this
by privatizing avatar motion through techniques such as differentially private motion
generation or by adding calibrated noise to pose sequence parameters prior to rendering.

utility-privacy tradeoffs. Avatar anonymization induces a synthetic-to-real do-
main gap, limiting MaskDP’s advantage to strongly private regimes (low 𝜖). Tables 25
and 26 demonstrate that as privacy requirements relax (𝜖 ≥ 5), standard DP on real
data often outperforms MaskDP on anonymized data due to this domain gap. Further
improvements in synthetic human generation methods could shift this crossover point
toward higher 𝜖 values. Additionally, differentially private training suffers on imbalanced
datasets (Section 5.2.5.3), though MaskDP alleviates this effect by reducing noise impact.

5.3 chapter conclusion

This chapter addressed two questions about synthetic data for real world problems: (1)
Can we advance the field of human fall detection by generating synthetic data that dominates lab
based real-world data on out-of-distribution generalization? (2) Can we advance privacy preserving
action recognition by combining synthetic avatar anonymization with differential privacy to provide
comprehensive privacy protection for both subjects and environmental background context?

Section 5.1 addressed the first question, demonstrating that synthetic data can outper-
form real data as a training resource for specialized recognition tasks. OmniFall presents
a unified fall detection benchmark which comprises OF-Staged, OF-In-the-Wild , and OF-
Synthetic. The critical finding: synthetic video generated with systematic variation in age,
ethnicity, body type, and environment achieves better out-of-distribution generalization
over real staged datasets (Fall F1: 64.2% vs 61.2% on in-the-wild evaluation). We believe
our work to be among the first to demonstrate that generatively produced synthetic video
outperforms real staged data for a specialized activity recognition task without further
constraints. OF-Syn is not larger than OF-Staged, in fact, considering multi-view record-
ings it is significantly smaller. Its benefits derive from combined realism and diversity.
This contrasts with our findings in Chapter 3 and demonstrates the significant progress
in synthetic video data generation, based on the advent of generative foundation models
for video synthesis.

In Section 5.2, we address the second question: synthetic data enables privacy-
preserving deployment through comprehensive protection mechanisms. MaskDP intro-
duces a hybrid privacy framework and decomposes videos into two parts: synthetic avatar
regions, visually anonymized through parametric body model rendering, and sensitive
background regions, which receive formal differential privacy protection during training.
Since only explicitly defined sensitive spatio-temporal areas are protected rather than
entire videos, MaskDP achieves (𝜖, 𝛿)-differential privacy guarantees for background con-
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texts. At the same time it clearly improves recognition accuracy over standard differential
privacy approaches which protect entire videos indiscriminately.

5.3.1 Contributions to Real World Problems

Contribution 1: The OmniFall Benchmark consolidates fall detection research by
unifying eight public datasets under a standardized 16-class taxonomy with dense
frame-level annotations, comprising 33 hours of densely annotated video in three
complementary components: OF-Staged, which adds cross-subject and cross-view
protocols; OF-In-the-Wild, which establishes the first standardized benchmark for
staged-to-wild evaluation, curating 2.6 hours of genuine accident videos from un-
controlled environments; and OF-Synthetic, contributing 12,000 videos generated
via the Wan 2.2 video diffusion model with demographic variation across age,
ethnicity, body type, gender, and environments. It provides the first large-scale
demonstration that synthetic video outperforms real staged data for in-the-wild
fall detection (Fall F1: 64.2% vs 60.5-61.2%). This demonstrates that generatively
produced synthetic video can be preferable to real-world data and signals the ma-
turity of modern video diffusion models, pointing towards synthetic generation
as a primary data-collection method for specialized recognition tasks.

Contribution 2: Masked Differential Privacy (MaskDP) introduces spatially-selective
differential privacy by exploiting knowledge about sensitive versus non-sensitive
spatio-temporal regions within video frames. It is a novel relaxation of standard
Differential Privacy that leverages the perfect pixel-level masks from rendering: the
framework decomposes videos into synthetic avatar regions, generated through 3D
pose estimation and SMPL rendering, and sensitive background regions, to which
(𝜖, 𝛿)-differential privacy is applied exclusively. Hence, MaskDP offers exclusive
protection of specific components of individual data points, rather than the entire
record, guaranteeing anonymization of the subjects as well as formal privacy for
the background contexts. Experiments demonstrate that MaskDP provides better
utility-privacy trade-offs in strongly private low-𝜖 regimes, significantly improving
recognition accuracy compared to standard differential privacy while reducing the
utility barriers that previously rendered differential privacy impractical for visual
applications. It trades full protection for practical utility in scenarios where avatar
anonymization addresses human identity protection while backgrounds require
formal privacy mechanisms.

Across Chapters 3, 4, and 5, this thesis explored synthetic data generation through
three complementary lenses: addressing cross-domain challenges through benchmark-
ing, generalization, and adaptation (Chapter 3), enabling controllable generation through
parametric body models (Chapter 4), and demonstrating practical deployment applica-
tions where synthetic data provides superior solutions to real data limitations (Chapter 5).
The following chapter synthesizes insights from these contributions, examining how syn-
thetic data generation reshapes human activity analysis and identifying directions for
future research.
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6I M PAC T O N T H E F I E L D

This thesis leverages synthetic data to address fundamental limitations in video-
based human activity recognition where real data collection proves insufficient
or infeasible. It demonstrates that synthetic data can not only substitute missing
real-world recordings, but also enable new benchmarks, modalities, and privacy
applications otherwise out of reach. This chapter synthesizes these contributions,
tracing how the proposed datasets, methods, and evaluation protocols reshape core
research directions, establish new standards for fall detection and biomechanical
analysis, and inform future work on privacy-preserving activity recognition.

6.1 research directions

synthetic-to-real cross-domain benchmarking for activities of daily living.
This work presents systematic cross-domain evaluation infrastructure for synthetic→real
transfer in ADL recognition. Sims4Action [207] introduces standardized evaluation pro-
tocols pairing life simulation game-based synthetic data with real-world ADL recordings.
This infrastructure enables reproducible comparison of domain adaptation methods and
systematic assessment of synthetic data quality for real-world deployment.

parametric 3d body models for human activity recognition. Parametric body
models offer scalable and controllable alternatives to web-scraped video datasets, whereas
they achieve competitive performance for both, cross-view action recognition and depth-
based activity understanding. We demonstrate this with AMARV [219], a large-scale
synthetic video dataset with systematic variation in appearance, environment, and view-
point. AMARV avoids the privacy concerns which are inherent in large-scale internet
video collection. The approach allows for multi-view and multi-modal learning, without
expensive multi-camera infrastructure and without real-world data.

deep learning for pose-to-muscle activation estimation. This work opens
biomechanical analysis to deep learning approaches through large-scale training data
which couples visual motion with physiological signals. MinT [221] provides the first
large-scale dataset with 402-muscle activation patterns. It opens research towards vi-
sual inference models which could replace expensive laboratory equipment and physics-
based simulation. Apart from that, the dataset serves as a pre-training and augmentation
resource for human motion understanding [148]. It enables future applications in reha-
bilitation monitoring, ergonomics assessment and injury risk prediction as well as sports
science, which were so far constrained by the cost and invasiveness of electromyography
measurement.

111



112 impact on the field

unified visual fall detection research. The landscape of visual fall detection
had remained fragmented; OmniFall [220] unifies and standardizes it through system-
atic benchmarking infrastructure. It consolidates thirteen years of research in visual fall
detection: eight public datasets are harmonized under a standardized 16-class taxonomy
with dense frame-level annotations. This allows for the first systematic staged-to-wild
evaluation on genuine accident videos. Our experiments demonstrate, that synthetic data
generated with controlled demographic diversity outperforms real staged data for in-the-
wild generalization. Note, that this reveals a shift in approach: synthetic video generation
becomes preferable to staged data for out-of-distribution robustness. The work yields open
and robust visual fall detection models which are practically deployable for healthcare
and in-home use, and it lowers deployment barriers which so far constrained real-world
adoption.

full-video privacy preservation in activity recognition. This work extended
privacy protection from subject-only anonymization to comprehensive full-video privacy
by addressing the commonly overlooked background privacy gap. While related work
in privacy for computer vision focuses on removing human features through blurring
or avatar replacement, background information itself poses significant re-identification
risks in home monitoring scenarios through environmental context, room layouts, and
personal objects. MaskDP [222] addresses this problem by combining avatar-based visual
anonymization with differential privacy guarantees for background regions.

6.2 new datasets

cross-domain synthetic-to-real benchmarks for adl. Sims4Action [207] pro-
vides 10 hours of annotated gameplay from The Sims 4 across 10 ADL categories, paired
with Toyota Smarthome recordings for systematic gaming→real evaluation.

large-scale datasets from parametric 3d body models. AMARV (Archive of
Motion Capture as Rendered Videos) [219] integrates AMASS motion capture [155] with
scalable Unity-based parametric rendering, generating over 800,000 multi-view video
clips across 260 action categories from 227 subjects. Synchronized modalities include
RGB, depth, instance segmentation, surface normals, and 2D/3D pose across four camera
viewpoints with random ±30◦ variation. Visual diversity stems from 1,240 body textures
and 201 HDRI backgrounds.

large-scale muscle activation estimation datasets. MinT (Muscles in
Time) [221] couples 10 hours of motion sequences from 227 AMASS subjects (187 ac-
tions) with 402-muscle strand activation patterns generated via OpenSim musculoskeletal
simulation [58, 227], representing an order of magnitude increase in subject count and sub-
stantially broader muscle coverage (4–20 muscles previously) compared to experimental
electromyography datasets [38, 76, 103].

unified fall detection benchmark. Under a standardized 16-class taxonomy with
dense frame-level annotations, OmniFall [220] unifies eight public datasets [2, 11, 33,
94, 163, 256, 302] and consolidates fall detection research into three distinct components
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totaling 33 hours single-view footage (82 hours multi-view): OF-Staged provides 14 hours
of unique recordings (42 hours multi-view) from 101 subjects across 29 camera views
with systematic cross-subject and cross-view evaluation splits; OF-Synthetic contributes
17 hours (12,000 videos) generated via Wan 2.2 [271] diffusion model with controlled
demographic variation across age, ethnicity, body type, gender, and environments; OF-
In-the-Wild introduces 2.6 hours of genuine accident videos from OOPS! [68] and serves
as the first test-only benchmark for staged-to-wild evaluation of fall detection.

6.3 methods, frameworks, and evaluations

optimal transport-based domain adaptation. OT-DAKD, a domain adaptation
framework, combines optimal transport-based prediction calibration with knowledge
distillation for synthetic→real video transfer. It directly shapes output prediction distri-
butions to match the respective target domain characteristics through Sinkhorn-Knopp
optimization. The approach applies to any pre-trained feature extractor: it offers a plug-in
calibration mechanism for cross-domain deployment which improves transfer perfor-
mance on Sims4Action→Toyota Smarthome evaluation.

multimodal domain generation framework. To generate novel training modal-
ities from existing multi-modal representations (RGB, optical flow, pose), MMGen [162]
presents a framework built on generative adversarial networks which maximize Sinkhorn
distance and preserve semantic content through classification loss. Systematic evalua-
tion of 15 modality combinations reveals that distributional diversity drives cross-domain
robustness, whereas pose-based representations (limbs, heatmaps) achieve stronger trans-
fer than appearance-based modalities. Synthetic domain augmentation yields substantial
Synthetic→Real improvements on Toyota Smarthome. This shows that learned generative
models narrow cross-domain performance gaps without explicit parameter specification
or collection of new real-world training data.

architectures for pose-to-muscle activation prediction. We present the first
comprehensive evaluation of deep learning architectures for visual motion to 402-
dimensional muscle activation time series prediction. Experiments on MinT show that
transformer-based sequence models substantially outperform temporal convolutional net-
works and state space models as well as recurrent architectures for this task. These results
give architecture insights for future work on visual-physiological coupling and set base-
lines for biomechanical research applications. They open paths toward models which
could enable real-time biomechanical analysis at scale in the real world.

masked differential privacy framework. MaskDP [222] introduces spatially-
selective differential privacy and makes use of knowledge about sensitive versus non-
sensitive spatio-temporal regions within video frames. The framework decomposes
videos into synthetic avatar regions, which are visually anonymized through parametric
body model rendering, and remaining background regions, which receive formal (𝜖, 𝛿)-
differential privacy protection during training. Since the noise is applied exclusively to
non-anonymized regions rather than to entire videos, MaskDP achieves improved utility
over standard differentially private stochastic gradient descent [1].





7O P E N R E S E A RC H Q U E ST I O N S
A N D F U T U R E WO R K

This thesis demonstrates that synthetic data can match or exceed real data as
a training resource for human activity recognition under certain conditions. In
the following, we explore five future research directions. We extend the central
contributions through multi-modal coupling and ask when synthetic superiority
generalizes beyond fall detection. We then validate synthetic data against real-
world measurements, together with benchmarking infrastructure which compares
generation approaches. Finally, we look at privacy through differentially private
anonymization as well as at adaptive systems which generate data dynamically.

7.1 extending core contributions

The thesis contributions present several bases which open immediate research directions.
Here we study natural extensions which couple multiple modalities, as well as the impli-
cations of doing so.

7.1.1 Multi-Modal Learning from Shared Motion Representations

Chapter 4 illustrates that AMARV and MinT make use of the same AMASS motion se-
quences: AMARV generates visual modalities (RGB, depth, pose), whereas MinT couples
motion with 402-muscle activation patterns. This shared basis creates multi-modal learn-
ing opportunities which were so far constrained by the difficulty of simultaneous visual
and physiological capture. Can models learn cross-modal mappings directly from RGB to muscle
activations, without a detour over pose estimation? Such a capability might enable effort esti-
mation and injury risk assessment as well as rehabilitation monitoring without invasive
sensors.

Technical challenges include addressing synthetic-to-real domain gaps for biomechan-
ical signals. Liu et al. [148] demonstrated that MinT improves real EMG prediction, yet
further research is needed to characterize generalization gaps and develop domain adap-
tation methods for physiological signals, which face variability across subjects, devices,
and protocols. Establishing network architectures for cross-modal relationships and op-
timizing modality alignment across SMPL rendering and OpenSim simulation remain
open questions.
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7.2 towards general synthetic data superiority

Several questions emerge about the generalizability and scalability of synthetic data.

7.2.1 Generalization Beyond Specialized Tasks

This thesis describes a progression from strong synthetic-to-real domain gaps (Section 3.1)
through task-specific advantages (Section 4.1) to out-of-distribution superiority on fall de-
tection (Section 5.1). OmniFall showcased a clear case in which synthetic data generation
should be chosen for its performance advantages. Whether this synthetic superiority extends
beyond fall detection is unclear. The underlying mechanism, i. e. factorial variation which
produces better deployment coverage than limited real data collection, may apply broadly.
The conditions under which synthetic provides better training distributions need to be identi-
fied: advantages emerge when (1) real data exhibits limited variation, (2) systematic data
variation better captures the deployment characteristics, and (3) tasks require rare events
or diverse demographics. Conversely, synthetic data may not excel when real datasets are
abundant and representative.

7.2.2 Long-Term Coherent Video Generation

Can generative models produce long-term video whose temporal context spans minutes rather than
seconds? Current foundation models do not have this capability, which is why OmniFall-
Synthetic consists of short video clips. Autoregressive approaches like Loong [280] achieve
minute-level data generation, yet their output lacks biomechanically plausible motion and
activity diversity. Complex household activities, industrial processes with fine-grained ac-
tion sequences, rehabilitation programs, and multi-person interactions all demand multi-
minute coherent data generation: output which keeps actors and environments as well as
causal structure and physically plausible movement consistent throughout.

7.3 understanding and validating synthetic data

Understanding when and why synthetic excels requires rigorous validation against real-
world measurements and systematic characterization of generative model limitations.

7.3.1 Crossing the Synthetic-to-Real Domain Gap for Biomechanical Signals

In Section 4.2, pose-to-muscle prediction models achieved a Pearson correlation of > 0.8
against OpenSim simulations. However, additional research on the synthetic-to-real gap
for muscle activation and EMG data is required. Liu et al. [148] demonstrated that MinT
data clearly improved real prediction on Muscles in Action [38], which suggests that
synthetic biomechanical data aids transfer effectively, whereas further research is still
needed to characterize the generalization gaps and to set up training pipelines. This will
affect fields like rehabilitation, sports science, and ergonomics, i. e. wherever physiological
inference from vision becomes practical.



7.4 differentially private anonymization 117

7.3.2 Generative Model Biases: Opportunity and Challenge

Regarding bias, synthetic data generators offer both, advantages and disadvantages. On
the one hand, they enable controlled cross-demographic generation. OmniFall demon-
strates how explicit demographic variation parameters allow the creation of datasets with
known distributional properties for rigorous bias evaluation. On the other hand, the same
generative models inherit and increase the biases in their training data. We do not yet
understand how demographic representations affect the generated diversity, nor which motion
patterns or body types end up systematically under- or over-represented. A systematic character-
ization would help to identify strategies such as targeted data collection and bias-aware
loss functions as well as post-hoc filtering.

7.3.3 Quality Assessment and Failure Modes for Generative Models

Apart from the concern about biases, a broader question needs to be asked: under what
conditions does synthetic data fail to improve, or even actively harm, model performance? An
answer would let us set quality thresholds and identify failure conditions for practical
deployment decisions. Generation artifacts can introduce spurious correlations, physical
inconsistencies appear and pipeline errors accumulate. Beyond that, generated data dis-
tributions can drift away from the deployment distribution. Whether a universal quality
assessment framework can span different generation approaches and target tasks is itself an open
problem. Such a framework must check that the generated data is diverse, looks realistic
and, more importantly, that it preserves task-relevant features at the same time.

7.4 differentially private anonymization

Beyond data quality, comprehensive privacy preservation remains essential for deploy-
ment in sensitive contexts, particularly addressing limitations in current approaches.

Avatar-based anonymization using SMPL-based fitting [20, 89, 120, 127], as demon-
strated in Section 5.2, preserves motion patterns that enable gait-based re-identification
despite visual anonymization [32, 71, 144]. Human motion acts as a biometric, i. e. it
creates privacy risks even when appearance cues are removed. Recent work approaches
this problem [99], yet many works in this field focus on how to train pose estimation
models in a privacy preserving manner [239] much rather than on how to anonymize the
motion data itself. MaskDP addressed background privacy gaps through selective differ-
ential privacy, but did not eliminate the behavioral risks or provide formal guarantees for
the avatar pipeline. It remains open whether differentially private pose and shape estimation,
integrated into avatar generation, can achieve full differential privacy for video anonymization.

MaskDP’s current implementation assumes that generated avatars require no further
privacy protection, whereas this does not maintain differentially private proofs for the
anonymization component. Integrating differential privacy into avatar generation itself, i.
e. applying formal guarantees to all user information used in creating the SMPL avatar,
could potentially achieve full differential privacy. This approach is promising, as 3D pose
and shape models require far fewer parameters than deep learning models, potentially mit-
igating the severe utility degradation. Since SMPL operates in a low-dimensional parame-
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ter space, applying DP at this stage could enable fully differentially private anonymization
with better utility preservation.

The technical challenges here are maintaining utility when the estimated poses must be
privacy preserving, ensuring privacy composition across pipeline stages, and developing
temporal perturbations that obscure gait while preserving action semantics. Which motion
features carry identity versus activity information is not yet understood, and whether learned
transformations can map individual gaits to generic patterns without losing task-relevant semantics
remains to be shown.

7.5 active and adaptive synthetic data generation

The synthetic data generation mechanisms established in this thesis enable systems that
generate synthetic data dynamically in response to deployment needs. One direction is
a system that dynamically generates and learns from synthetic data during deployment for con-
tinual improvement. Rather than static pretraining datasets, such methods could generate
data adaptively and continue learning based on deployment feedback. Which uncertainty
quantification methods effectively identify the distribution gaps that targeted synthetic generation
should address is, so far, an open question.

At the same time, recent work on model collapse shows that repeatedly training on
recursively generated synthetic data can induce degenerative feedback loops in which
performance and diversity deteriorate over generations [235], whereas related analyses
of fairness feedback loops demonstrate that similar mechanisms can amplify bias and
reduce minority-group representation when models repeatedly train on their own syn-
thetic or model-labeled data [286]. Both results underscore the need for safeguards against
synthetic-data feedback drift. Models which encounter high-uncertainty scenarios could
estimate underrepresented demographics, viewpoints, or environments and request tar-
geted generation, whereas the feedback is constrained so that already model-preferred
modes are not over-amplified. How to set up mechanisms which recognize and prevent model
collapse and fairness degradation under synthetic data training remains the harder question.

A further direction is curriculum learning which makes use of the systematic parameter control
in synthetic data generation. Model competence could guide progressive difficulty increases:
simple synthetic data, e. g. frontal views, standard demographics, and isolated motions,
would transition to complex scenarios such as extreme viewpoints and rare demographics
as well as multi-person interactions.

7.6 concluding synthesis

This thesis traced the evolution of synthetic data from a training supplement to a practical
alternative in human action recognition. The progression began with severe domain gaps
which we quantified (Chapter 3), advanced over controllable generation at scale (Chap-
ter 4), and ultimately demonstrated the out-of-distribution dominance of synthetic data
over real-world datasets (Chapter 5). Along this trajectory we showed how to successfully
make use of synthetic data for video-based human activity recognition.
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A.1 deferred theoretical proofs

This section provides the complete formal proofs for the privacy guarantees of the MaskDP
framework introduced in Section 5.2. The main result, Theorem 5.4, establishes that the
MaskDP training algorithm (Algorithm 1) satisfies masked Rényi differential privacy
(MRDP) with respect to the mask function that designates protected and unprotected
tokens. The proof proceeds by first establishing a composition lemma showing that apply-
ing differential privacy selectively to protected tokens while leaving unprotected tokens
unchanged preserves the desired privacy guarantees.

A.1.1 Proof of Theorem 5.4

To prove Theorem 5.4, we first establish the following lemma, which shows that selective
application of differential privacy to masked regions preserves privacy guarantees:

Lemma A.1. Given a dataset 𝒟 = {𝑥(1), . . . , 𝑥(𝑁)}, where each record 𝑥(𝑖) = {𝑥(𝑖)1 , . . . , 𝑥(𝑖)
𝐾
} is

partitioned into 𝐾 tokens, and a mask function 𝑀 ) [𝑁] × [𝐾] → {0, 1}, let

𝒟p =

{
{𝑥(𝑖)

𝑘
| ∀𝑘 ∈ [𝐾] s.t. 𝑀(𝑖, 𝑘) = 1} | 𝑖 ∈ [𝑁]

}
be a dataset consisting of only protected tokens. Correspondingly, let

𝒟u =

{
{𝑥(𝑖)

𝑘
| ∀𝑘 ∈ [𝐾] s.t. 𝑀(𝑖, 𝑘) = 0} | 𝑖 ∈ [𝑁]

}
be the set of unprotected tokens. Assume that 𝑓1(.) is an (𝛼, 𝜖)-RDP algorithm and 𝑓2(.) is an
arbitrary function. Then the mechanism 𝑔(.) defined as

𝑔(𝒟) = { 𝑓1(𝒟p), 𝑓2(𝒟u)} (8)

satisfies (𝛼, 𝜖)-MRDP under the same mask function 𝑀.

Proof. Let𝒟 and𝒟 ′ be two masked-adjacent datasets the mask function 𝑀. The goal is
to show

𝐷𝛼
(
𝑔(𝒟)∥𝑔(𝒟′)

)
≤ 𝜖.

Let 𝑃𝒟 and 𝑃𝒟 ′ denote the output distribution of 𝑔(𝒟) and 𝑔(𝒟 ′), respectively. Then, for
each 𝑥 ∈ 𝑅𝑎𝑛𝑔𝑒(𝑔), we have:

𝑃𝒟(𝑥) = 𝑃𝒟𝑝 (𝑥1)𝑃𝒟𝑢 (𝑥2) (9)
𝑃𝒟 ′(𝑥) = 𝑃𝒟 ′𝑝 (𝑥1)𝑃𝒟 ′𝑢 (𝑥2), (10)
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where 𝑃𝒟𝑝 , 𝑃𝒟𝑢 , 𝑃𝒟 ′𝑝 , and 𝑃𝒟 ′𝑢 are the output distributions of 𝑓1(𝒟𝑝), 𝑓2(𝒟𝑢), 𝑓1(𝒟 ′𝑝), and
𝑓2(𝒟 ′𝑢), respectively, and 𝑥 = (𝑥1, 𝑥2), 𝑥1 ∈ 𝑅𝑎𝑛𝑔𝑒( 𝑓1), and 𝑥2 ∈ 𝑅𝑎𝑛𝑔𝑒( 𝑓2). Therefore, we
have:

𝐷𝛼
(
𝑔(𝒟)∥𝑔(𝒟′)

)
=

1

𝛼 − 1 log E𝑥∼𝑃𝒟′

[
𝑃𝒟(𝑥)
𝑃𝒟 ′(𝑥)

]𝛼
=

1

𝛼 − 1 log E(𝑥1,𝑥2)∼𝑃𝒟′

[
𝑃𝒟𝑝 (𝑥1)𝑃𝒟𝑢 (𝑥2)
𝑃𝒟 ′𝑝 (𝑥1)𝑃𝒟 ′𝑢 (𝑥2)

]𝛼
=

1

𝛼 − 1 log E𝑥1∼𝑃𝒟′𝑝

[
𝑃𝒟𝑝 (𝑥1)
𝑃𝒟 ′𝑝 (𝑥1)

]𝛼
≤ 𝜖.

The second equality follows from (9) and (10). The third equality follows from the fact that
𝒟u = 𝒟 ′u, which itself follows from the definition of masked adjacency (Definition 5.2).
Finally, the last inequality follows from the fact that 𝑓1(.) is an (𝛼, 𝜖)-RDP algorithm. □

Now, we are ready to prove Theorem 5.4:

Proof of Theorem 5.4. Each iteration of Algorithm 1 applies the Gaussian mechanism on the
set of non-anonymized tokens, denoted as 𝒟(𝑡)𝑝 = {𝒯 (𝑡,𝑖)pr ) ∀𝑖 ∈ ℬ𝑡}, which according to
Corollary 3 of [169], is (𝛼, 𝛼𝐶2/2𝜎2)-RDP. It also uses the anonymized tokens for the param-
eter update. According to Lemma A.1, these two steps together satisfy (𝛼, 𝛼𝐶2/2𝜎2)-MRDP
w.r.t. the batchℬ. As each batch is randomly subsampled, according to Theorem 5 of [307],
each iteration of Algorithm 1 satisfies (𝛼, 𝜖𝑡)-MRDP w.r.t. the entire dataset, where 𝜖𝑡 is
given by:

𝜖𝑡 ≤
1

𝛼 − 1 log
{
(1− 𝐵/𝑁)𝛼−1 (𝛼𝐵/𝑁 − 𝐵/𝑁 + 1)

+
(
𝛼
2

)
(𝐵/𝑁)2 (1− 𝐵/𝑁)𝛼−2 𝑒 𝐶

2

𝜎2

+
𝛼∑
𝑙=3

(
𝛼
𝑙

)
(1− 𝐵/𝑁)𝛼−𝑙 (𝐵/𝑁)𝑙 𝑒(𝑙−1)( 𝐶

2𝑙
2𝜎2 )

 . (11)

As the algorithm runs for 𝑇𝑁/𝐵 iterations, based on the composition theorem of RDP
(Proposition 1 of [169]), Algorithm 1 satisfies (𝛼, 𝑇𝑁𝜖𝑡/𝐵)-MRDP. The proof is completed by
replacing 𝜖𝑡 with (11) and applying the RDP to DP conversion theorem from [169]. □

A.2 omnifall synthetic data generation methodology

Existing fall detection datasets exhibit systematic demographic biases, i. e. they predom-
inantly feature young to middle-aged participants with limited ethnic diversity. To ad-
dress these limitations and to avoid the ethical complexities of collecting fall data from
vulnerable elderly populations, we generated OF-Synthetic with explicit control over de-
mographic attributes through structured prompt design for the Wan 2.2 video diffusion
model, ensuring systematic coverage across age groups and ethnicities as well as body
types and environmental contexts.
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A.2.1 Demographic Attribute Design

age groups. Six age categories follow common reporting practices, i. e. toddlers (1–
4 years), children (5–12 years), teenagers (13–17 years) and young adults (18–34 years),
as well as middle-aged (35–64 years) and elderly (65+ years). While elderly individuals
constitute our primary target demographic, all age groups allow for both, age-specific
evaluation and training diversity. Each age group receives equal representation with 200
generated videos per action class.

race and ethnicity. For systematic ethnic diversity, we adopt the seven categories
defined by the U.S. Office of Management and Budget (OMB) standard for race and ethnic-
ity reporting [262]: Black, Asian, White, Hispanic/Latino, Middle Eastern/North African
(MENA), American Indian/Alaska Native (AIAN), and Native Hawaiian/Pacific Islander
(NHPI). This standardized taxonomy allows for consistent demographic reporting and
comparison with population statistics.

skin tone. Beyond categorical ethnicity labels, we incorporate the Monk Skin Tone
Scale [172], a perceptually uniform 10-point scale, i. e. MST1–MST10 ranging from very
light to completely dark skin. This continuous representation captures intra-ethnic skin
tone variation and offers finer-grained control over visual appearance diversity than
ethnicity categories alone.

body morphology. Four BMI bands (underweight, normal, overweight, obese) and
three height categories (short, average, tall) give systematic body type coverage. BMI
bands translate to appearance descriptors in prompts, e. g. thin, average build, chubby, or
stocky. Gender presentation is specified as male or female.

Beyond person-level attributes, environmental context and scenario characteristics con-
tribute additional sources of controlled variation.

A.2.2 Environmental and Contextual Diversity

age-appropriate environments. Each age group is associated with both, 100 indoor
and 100 outdoor environment descriptors, reflecting activities for that demographic.

Younger age groups feature educational and play-oriented settings: toddler environ-
ments include daycare play areas, indoor playgrounds, and sandbox areas; children’s
environments span elementary classrooms, playgrounds, and sports fields; teenage en-
vironments encompass high school hallways, athletic facilities, and teen activity centers.
Adult age groups reflect professional and residential contexts: young adult environments
include offices, gyms, universities, and apartments; middle-aged environments feature
corporate settings, professional spaces, and home environments; elderly environments
comprise senior centers and assisted living facilities as well as medical clinics and resi-
dential areas. This age-specific environment mapping keeps the generated scenarios in
realistic activity contexts for each demographic.

clothing diversity. Each age group has 200+ age-appropriate clothing options, i. e.
everyday casual wear (60%), seasonal attire (25%) and sleepwear (10%) as well as special
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occasion clothing (5%). Examples range from toddlers’ colorful casual wear to elderly soft
comfortable clothing, ensuring contextually appropriate attire with visual diversity.

A.2.3 Action-Specific Attributes

Apart from demographic and environmental attributes, which remain constant across
action classes, each action class incorporates action-specific descriptors to control both,
temporal dynamics and scenario characteristics.

fall-specific attributes. Fall videos include 30 fall mechanism types (e. g. slip on
wet surface, trip over obstacle, lose balance from dizziness), 20 fall direction specifications
(falling forward, backward, sideways, diagonally, while spinning) and 20 recovery attempt
descriptions (e. g. reaching for support, windmilling arms, bracing for impact), as well as
age-appropriate prior activities and 20 facial expression descriptors.

Note, that the inclusion of facial expressions addresses a specific challenge with the
Wan 2.2 model: the model exhibits a tendency to generate individuals with smiling
or happy expressions. Presumably, this is due to training data distribution or alignment
objectives. This creates inappropriate and unrealistic scenarios in which individuals smile
while falling. To counteract this bias, we explicitly specify contextually appropriate facial
expressions (e. g. startled, panicked, focused, surprised) in fall scenario prompts.

other action classes. Similar attribute sets were defined for other action classes (lie
down, stand up, sit down, walk), incorporating action-specific motion descriptors and
environmental constraints as well as contextual details appropriate to each activity. The
“other” category receives special attention for minimal overlap with the 15 primary action
classes through pre-screening of candidate activities for distinctiveness.

A.2.4 Camera Specification

To complete the prompt specification, camera parameters control viewpoint variation.
Each video specifies camera vantage point through four attributes: elevation (e. g. eye-level,
low, high/CCTV perspective, top-down/birds eye) and azimuth (front, rear, left, right), as
well as distance (medium/distant shot, far/long-distance shot) and shot type (static wide,
static medium wide). Frame rates are specified as either 24fps, 25fps or 30fps real-time.
This systematic camera parameter variation produces videos from diverse viewpoints
representative of both, real-world surveillance and monitoring camera placements.

A.2.5 Prompt Construction and Generation

prompt structure. Each prompt combines demographic and environmental at-
tributes with action-specific and camera attributes into a structured natural language
description. A typical fall prompt follows this template:

“A [height] [body type] [age descriptor] [gender] with [skin tone] and [ethnicity]
features wearing [clothing] is in the process of falling due to [fall mechanism], [fall
direction], in [environment], while [recovery attempt], after [prior activity], with
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[facial expression], [framerate], [shot type], camera positioned [elevation] from the
[azimuth], it is a [distance]. Realistic. Fully dressed upper body.”

Note, that the modifiers “Realistic” and “Fully dressed upper body” were found bene-
ficial for generating appropriate video content.

deterministic attribute assignment. For reproducibility and systematic coverage
of the attribute space, each video receives a unique identifier (e. g. fall_el_001 for elderly
fall video 1). This identifier deterministically seeds attribute selection via hash-based
random number generation. This ensures, that identical attributes are selected for the
same identifier across generation runs, whereas the attribute combinations stay diverse
across the full dataset.

dataset scale. We generated 200 videos per age group for 10 base action classes
(fall, fallen, lie down, lying, sit down, sitting, stand up, standing, walk, other), yielding
200 × 6 age groups × 10 actions = 12,000 videos totaling 17 hours of synthetic footage at
1280×720 resolution and 16fps. While the initial generation targeted these 10 action classes,
subsequent dense annotation revealed the utility of additional fine-grained distinctions.
This led to the full 16-class taxonomy used for timeline segmentation evaluation.

A.2.6 Safety Filtering and Iterative Refinement

The Wan 2.2 model occasionally produced inappropriate content requiring iterative fil-
tering: generated videos were manually reviewed, inappropriate content removed, and
prompts refined to reduce recurrence. This process repeated until the dataset contained
only safe-for-work content suitable for public release.

A.3 omnifall dense annotation process

The unification of eight staged datasets, the curation of genuine accident videos and the
annotation of 12,000 synthetic videos into a consistent 16-class taxonomy required substan-
tial annotation effort. In the following, we detail the annotation workflow and software
tooling as well as the quality assurance measures we used for consistent, frame-level labels
across the 33 hours of single-view footage (82 hours with multi-view recordings).

A.3.1 Annotation Software Selection and Customization

After systematic comparison, we selected VGG Image Annotator (VIA) [66] as the most
efficient platform among available open-source video annotation tools. Custom modifi-
cations introduced keyboard-only annotation capabilities, i. e. all operations run without
mouse interaction. Thereby, annotation throughput accelerated through rapid temporal
navigation and label assignment as well as boundary adjustment via keyboard shortcuts,
particularly beneficial for precise frame-level timeline segmentation.
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A.3.2 Annotation Team and Training

Approximately 10 annotators received detailed instruction on the 16-class taxonomy, with
emphasis on both, visually similar action pairs (e. g. fall vs. lie down) and temporal bound-
aries between transient actions and static states. Regular team meetings built consensus
on challenging cases, such as transition frame determination (fall to fallen) and controlled
vs. uncontrolled descents, as well as the handling of occluded or out-of-frame actions.

A.3.3 Multi-View Annotation Strategy

For datasets with synchronized multi-view recordings (CMDFall, UP Fall, EDF, OCCU,
MCFD), we made use of an efficient annotation transfer approach rather than indepen-
dently annotating all camera views. For this, we systematically selected for each recording
the primary camera view most likely to maintain the subject in frame throughout the ac-
tivity sequence. Hence, the selection criterion minimized instances in which the subject
would be visible in other views, yet occluded or out-of-frame in the annotated view.

Annotations were performed on this primary view and subsequently transferred to all
synchronized camera views. During transfer, we accounted for temporal offsets between
synchronized cameras, so that labels align at frame level across views. This approach
substantially reduced annotation effort (14 hours of unique recordings vs. 42 hours of
multi-view footage), while providing complete timeline annotations for all camera per-
spectives and thereby enabling cross-view evaluation protocols.

A.3.4 Quality Assurance Protocol

Nearly all videos underwent two-pass review, i. e. initial frame-level annotation followed
by quality control verifying both, temporal boundary accuracy and label correctness,
as well as taxonomy consistency. Discrepancies were corrected, with ambiguous cases
referred to team discussion. This workflow rests on specialized tooling and detailed
training as well as consensus meetings and efficient multi-view transfer, yielding dense
and consistent annotations for OmniFall’s evaluation protocol.

A.4 mint dataset simulation quality analysis

The Muscles in Time (MinT) dataset was generated by applying trajectory optimization
and static optimization procedures to motion capture sequences from AMASS. Processed
sequences are analyzed using metrics derived from the OpenSim evaluation guide-
lines [179, 180]. This appendix presents the quantitative quality assessment results on
the Lai Uhlrich lower body model, documenting tracking accuracy and knee loading
metrics as well as adherence to biomechanically-informed thresholds.

A.4.1 Quality Metrics and Thresholds

Five quality criteria were evaluated for each sequence, following the OpenSim simulation
evaluation checklist [179]: (1) Rotational tracking accuracy measures RMSE between simu-
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Figure 41: Distribution of maximum tracking errors across 3,947 simulated sequences. (A) Rota-
tional tracking errors show median 0.40◦with 95th percentile at 0.59◦. All sequences remain below
the 5◦ threshold. (B) Translational tracking errors show median 1.20 cm with 95th percentile 4.87
cm. 37.4% of sequences (1,476 sequences) exceed the 2 cm threshold.

lated and target joint angles (threshold: 5◦, based on typical motion capture accuracy [179]);
(2) Translational tracking accuracy measures RMSE for marker positions (threshold: 2 cm,
reflecting typical marker tracking accuracy [179]); (3) Peak ground reaction force (thresh-
old: 2.0 BW, where normal walking produces 1.0–1.2 BW [124] and running/jumping reach
1.5–2.0 BW [166]); (4) Peak muscle activation across all strands (threshold: 0.9, identify-
ing potentially unrealistic recruitment patterns [179]); (5) Peak knee adduction moment
(threshold: 0.08 BW·ht, where typical walking produces 0.02–0.04 BW·ht [133]). Ground
reaction force data could not be evaluated due to a metadata storage issue.

A.4.2 Tracking Error Results

Figure 41 shows the distribution of maximum tracking errors across all 3,947 sequences.

rotational tracking. All 3,947 sequences achieved rotational tracking errors below
the 5◦ threshold (0% failure rate). The median maximum rotational error was 0.40◦, with
mean 0.40◦ and standard deviation 0.15◦ as well as a 95th percentile of 0.59◦, indicating a
tight distribution. The maximum observed rotational error across all sequences was 3.63◦.

translational tracking. Of the 3,947 sequences, 1,476 sequences (37.4%) showed
maximum translational errors over the 2 cm threshold. The median maximum transla-
tional error was 1.20 cm, with mean 1.79 cm and standard deviation 1.55 cm as well as a
95th percentile of 4.87 cm, while the maximum observed translational error was 10.80 cm.

A.4.3 Coordinate-Specific Errors

Figure 42 identifies the 20 coordinates with highest median tracking error.
In the OpenSim model structure, the pelvis serves as the root segment with six degrees

of freedom (three translations, three rotations), whereas all other joints are modeled as ro-
tational only. The metatarsophalangeal (MTP) joint angles exhibited the highest rotational
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Figure 42: The 20 rotational coordinates (joint angles) with highest median tracking error. The
metatarsophalangeal (MTP) joint angles exhibit the highest errors. All values remain well below
the 5◦ threshold (dashed line).

errors, whereas pelvis_tx (anteroposterior translation) showed the highest translational
error among the three pelvis translation coordinates.

A.4.4 Knee Loading Metrics

Figure 43 presents the distribution of peak knee adduction moments (KAM) and peak
medial contact forces (MCF).

knee adduction moment. Peak KAM values exhibited median 0.023 BW·ht, mean
0.025 BW·ht and standard deviation 0.010 BW·ht as well as a 95th percentile of 0.043 BW·ht.
Eight sequences (0.2%) exceeded the 0.08 BW·ht threshold. The maximum observed KAM
was 0.133 BW·ht. One sequence with KAM exceeding 1.0 BW·ht was identified as an outlier
and removed from analysis.

medial contact force. Peak MCF values exhibited median 2.69 BW, mean 2.89 BW
and standard deviation 1.77 BW as well as a 95th percentile of 6.22 BW. A total of 812
sequences (20.6%) exceeded the 4.0 BW threshold. The maximum observed MCF was
13.90 BW. One sequence with MCF exceeding 20 BW was identified as an outlier and
removed from analysis.



A.4 mint dataset simulation quality analysis 129

0.00 0.02 0.04 0.06 0.08 0.10 0.12
Peak Knee Adduction Moment (BW·ht)

0

100

200

300

400

500

N
um

be
r 

of
 S

eq
ue

nc
es

Sequences >0.08: 8 (0.2%)

A) Peak KAM Distribution

Normal walking (0.02-0.04 BW·ht)
Threshold (0.08 BW·ht)
Median (0.023 BW·ht)

0 2 4 6 8 10 12 14
Peak Medial Contact Force (BW)

0

50

100

150

200

250

300

350

N
um

be
r 

of
 S

eq
ue

nc
es

Sequences >4.0 BW: 812 (20.6%)

B) Peak MCF Distribution

High-impact threshold (2.5 BW)
Physiological limit (4.0 BW)
Median (2.69 BW)

Figure 43: Knee loading metric distributions across all sequences. (A) Peak knee adduction moment
(KAM) distribution shows median 0.023 BW·ht with 95th percentile 0.043 BW·ht. The shaded
region (0.02–0.04 BW·ht) indicates the range reported for normal walking [133]. 0.2% of sequences
exceed the 0.08 BW·ht threshold. (B) Peak medial contact force (MCF) distribution shows median
2.69 BW with 95th percentile 6.22 BW. 20.6% of sequences exceed the 4.0 BW threshold.

Table 27: Summary statistics for MinT dataset quality metrics across 3,947 sequences.

Metric Median 95th Percentile Threshold % Exceeding

Max Rotational Error (°) 0.40 0.59 5.0 0.0%

Max Translational Error (cm) 1.20 4.87 2.0 37.4%

Peak KAM (BW·ht) 0.023 0.043 0.08 0.2%

Peak MCF (BW) 2.69 6.22 4.0 20.6%

A.4.5 Summary Dashboard

Figure 44 shows an integrated visualization of the primary quality metrics.
The dashboard presents the distribution characteristics for both, rotational tracking

error and knee adduction moment, as well as for medial contact force. The rotational
tracking error distribution is concentrated below 1◦ and the KAM distribution below 0.05
BW·ht, while the MCF distribution shows broader spread extending to higher values.

A.4.6 Summary Statistics

Table 27 summarizes the quality metrics across all analyzed sequences.
These results document the quality characteristics of the MinT dataset simulations

according to accepted biomechanical simulation evaluation criteria. Both, the 0% failure
rate for rotational tracking and the 0.2% failure rate for knee adduction moment, indicate
adherence to these thresholds across nearly all sequences. The 37.4% exceedance rate for
translational tracking and 20.6% for medial contact force, however, identify specific quality
characteristics which may inform filtering strategies for particular research applications.
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Figure 44: Summary of key quality metrics across 3,947 sequences. (A) Maximum rotational
tracking error distribution (median 0.40◦, threshold 5◦ shown as dashed red line). (B) Peak knee
adduction moment distribution (median 0.023 BW·ht, threshold 0.08 BW·ht). (C) Peak medial
contact force distribution (median 2.69 BW, threshold 4.0 BW). Black dashed lines indicate medians.
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