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Abstract. Visual fall detection models are usually trained on small,
staged datasets. Their real-world utility remains unclear; such data lacks
diversity and evaluation protocols differ from paper to paper. We propose
OmniFall, a unified benchmark of 15k videos (80 hours) with frame-level
annotations in a single 16-class taxonomy. It spans three domains: OF-
Staged unifies eight staged datasets with cross-subject and cross-view
splits; OF-Synthetic adds 12k videos (17h) with controlled demographic
and environmental diversity; and OF-In-the-Wild provides a test-only
set of genuine accident videos. We evaluate fine-tuned models as well
as much larger zero-shot multimodal LLMs. On in-the-wild fall events,
both do comparably well. The clinically critical fallen state is where
they part: zero-shot models keep confusing fallen with lying, whereas
models fine-tuned on synthetic data with explicit fallen-state scenes do
substantially better. We release the unified annotations, the synthetic
data, and the in-the-wild test set to foster the development of fall and
fallen-state detectors for uncontrolled environments.

Dataset: https://hf.co/datasets/simplexsigil2/omnifall

Keywords: Fall detection - Video understanding - Synthetic data

1 Introduction

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, yearly [27]. Preventing death hinges on detecting such falls, but even more
so on recognizing the sustained fallen state, when a person remains on the
ground unable to summon help. "Long-lie" episodes increase one-year mortality
significantly [13],20]. Beyond elderly care, falls pose risks in workplaces, public
spaces, and during recreational activities, often under diverse, uncontrolled
conditions that static indoor datasets cannot represent.

Computer vision-based fall detection could automate monitoring in care envi-
ronments, yet faces critical limitations: (1) systems target brief falls rather than
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Fig. 1: OmniFall comprises OF-Staged, OF-Synthetic and OF-In-the-Wild with cross-
dataset compatible labels.

persistent fallen states; (2) models trained on small, homogeneous datasets |1
generalize poorly across environments; (3) collecting fall
data from vulnerable elderly populations raises ethical and practical barriers; (4)
no standardized benchmark evaluates genuine accidents or cross-domain gener-
alization; and (5) Multimodal Large Language Models (MLLMs) are powerful
generalist vision models, yet underexplored for fall detection.

We introduce OmniFall, a unified benchmark comprising three complementary
components: 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). The benchmark provides 33 hours of densely annotated
footage. Five of the eight staged datasets include synchronized multi-view cameras;
counting all camera feeds raises the total to 82 hours. This scale enables systematic
cross-domain evaluation previously impossible due to annotation heterogeneity.
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A clinically motivated 16-class taxonomy (Sec. [3) supports detection of critical
fallen states even when the fall itself is missed.

Why unify existing staged datasets? Staged datasets cover few environ-
ments and subjects with poor generalization to new domains. OmniFuall-Staged
merges eight such datasets [1}/4,(8}15]/18]22,28] spanning 101 subjects and 29
camera views under one annotation scheme. Videos are frame-wise re-annotated
allowing for cross-subject and cross-view evaluations across dataset boundaries.

Why the need for in-the-wild evaluation? Staged datasets display
healthy actors performing falls in controlled settings with safety equipment, so
their generalization to real-world deployment remains unknown. OmniFall-In-
the-Wild (OF-ItW) addresses this with genuine accident videos from uncontrolled
environments, held out as a wild test target whose 1.8 h test portion alone exceeds
the total duration of many existing fall detection datasets.

Why add synthetic data? Recording real falls of diverse demographic
populations including the elderly and children raises ethical concerns and practical
barriers. OmniFall-Synthetic (OF-Syn) sidesteps both with generated video
offering controlled demographic and environmental variation at no privacy cost.
Critically, it explicitly models extended post-fall ground contact, capturing the
clinically important fallen state that staged recordings underrepresent, since
actors there stand up immediately.

Our contributions are threefold. (1) We manually re-annotate eight public
fall detection datasets frame by frame in a clinically motivated 16-class taxonomy,
and define the first standardized staged-to-wild protocol with cross-subject/view
splits and a held-out in-the-wild test set of genuine accidents. (2) OF-Synthetic
adds synthetic-to-wild evaluation and diverse training data with controlled de-
mographic variation. (3) We test both fine-tuned models and zero-shot MLLMs
and find they fail differently: both reach similar fall-event detection on genuine
accidents, but zero-shot MLLMSs systematically miss the clinically critical fallen
state. Fine-tuned models trained on synthetic data, which shows extended post-
fall contact, detect the fallen state best across domains. The distinction thus
appears to need task-specific training, rather than model scale alone.

2 Related Work

Many fall detection datasets have been introduced in recent years |1,2,/4}6}8-10}
15,16,(181[22,/28], reflecting the growing interest in automated fall detection.

Fall Detection Datasets in OmniFall-Staged. To collect existing public
fall detection datasets from prior work, we conducted a systematic search in
accordance with PRISMA guidelines (5)-(9) [19]. Of the 98 surveys retrieved,
only 8 met all inclusion criteria. These datasets (1)-(8) are listed in Table

(1) The CMDPFall dataset [22] 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. (2) UP Fall [18]
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Table 1: Datasets in the OmniFall benchmark. The first eight rows constitute OF-
Staged (OF-Sta), followed by OF-In-the-Wild (OF-ItW) and OF-Synthetic (OF-Syn).

Dataset Year Vids Res. FPS Sub Views t(s) Segments Dur. (h)
(Syne.) SV MV SV MV
MCEFD [4] 2010 192 480p <30 1 8(V) 4.3 169 1,352 0.2 1.6
Le2i [8] 2013 190 240p 25 9 6(X) 3.0 967 0.8
EDF |28] 2014 10 240p 30 5 2(V) 3.1 254 508 0.2 04
OCCU [28] 2014 10 240p 30 5 2(X) 3.5 245 484 0.3 0.5
CMDFall [22] 2018 384 480p 20 50 7(V) 4.3 6,026 42,143 7.1 49.8
UP Fall [18] 2019 1,118 480p 18 17 2(v) 13.6 1,213 2426 4.6 9.2
CAUCA |15] 2022 100 480p 23 10 1 3.9 258 0.3
GMDCSA [1] 2024 160 720p 30 4 3(X) 2.8 458 0.4
OF-ItW 20267 818 var. 30 >818 2.4 4,022 2.7
OF-Syn 2026 12k 720p 16 12k 3.2 19,228 16.9

T With videos from [12], 2019. Sub: subjects, Sync.: synchronized views, SV/MV:
single-view / multi-view, #: mean segment duration.

offers a multimodal setup from 17 subjects in a laboratory environment. It
includes vision data from a pair of synchronized cameras (640x480 at 18 fps),
inertial measurements from accelerometers and gyroscopes worn at different body
locations covering six activities of daily living (ADL) and five fall types. (3) The
Le2i dataset [8] contains 143 staged falls and 79 ADL actions recorded from a
single fixed camera at 640x480 pixels and 25 fps across four environments and
six views. (4) GMDCSA |[1] delivers high temporal resolution data, capturing
81 fall and 79 ADL clips recorded with a stationary laptop camera at 1280x720
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 |28] were acquired in a controlled apartment
environment using two Kinect sensors at 320x240 pixels and 30 fps. The EDF
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 [3l|4] leverages eight synchronized IP cameras installed in a fixed
indoor setting to capture 22 fall scenarios, facilitating 3D reconstructions either
explicitly or implicitly. (8) The CAUCA Fall dataset |15] provides recordings
from 10 subjects in an apartment setting under varying lighting conditions.
Captured at 720x480 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. OOPS! [12] is a 20.7 k-clip (>50 h) video
dataset with labels marking when intentional actions turn accidental, supporting
benchmarks in intention classification and accident forecasting.
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Fig. 2: Label distribution and single-view duration per dataset: eight OF-Sta con-
stituents, OF-ItW, and OF-Syn (33h total).

Other Datasets. We identified several additional fall detection datasets, but
excluded them from OF-Staged due to specific limitations. UR Fall was not
included due to its limited size. MUVIM offers multimodal data, but all
videos are captured from a top-down view. FPDS consists of static images,
we only considered full video datasets. While High Quality FSD ﬂ§|, FallFree ,
SIMPLE , and ACT4? |§| align well with our objectives, we were unable to
include them due to missing usage licenses or the lack of usage permission.

What Is Missing. These datasets comprise staged recordings of healthy par-
ticipants in controlled environments. They are useful for method development,
but none shows how models transfer to in-the-wild falls, and their heterogeneous
label sets and protocols make cross-dataset comparison hard. Three gaps stand
out: (1) Staging bias: lab scenes, fixed cameras, and scripted routines dominate.
(2) Annotation heterogeneity: labels range from binary fall/no-fall to coarse ADL
categories. Few offer dense, consistent timelines. To reconcile these schemes,
every frame must be re-annotated under a domain-appropriate taxonomy, which
no prior work has done at scale. (3) Lack of standardized OOD evaluation: no
widely-used protocol quantifies staged—wild generalization.

OmniFall (Table [1)) addresses all three: we unify eight staged datasets by
re-annotating them framewise (OF-Staged), curate an in-the-wild test set from
genuine accidents (OF-ItW), and add a diverse synthetic dataset (OF-Syn). The
benchmark and its three components are detailed in the following section.

3 Dataset

Overview. OmniFall combines three complementary components, each detailed
below (Tab. [I} Fig.[I)): OF-Staged (eight public staged datasets), OF-In-the-
Wild (OF-ItW), and OF-Synthetic (OF-Syn). Together they total ~33h
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Fig. 3: Our annotations on an example video of CMDFall .

of single-view footage and enable in-distribution training on staged data and
out-of-distribution (OOD) testing on wild and synthetic.

Design Principles. Our goal is comparability across domains. To that end
we: (1) Standardize labels by manually (re-)annotating all datasets. (ii) Densely
annotate full videos (Figure|3]), 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 staged dataset, mirroring original protocols
when available. (iv) Enable OOD assessment with a held-out OF-ItW split.

Annotations. Because source datasets make varying assumptions about fall
semantics and their original annotations often cover only isolated events rather
than full video timelines, we annotate all videos from scratch rather than mapping
existing labels, avoiding bias from preexisting schemes and ensuring complete
temporal coverage. Our annotations are frame-wise and comprise dynamic actions:
fall, sit_down, lie_down, stand_up, walk, kneel _down, squat_down, crawl, jump;
six static states: fallen, sitting, lying, standing, kneeling, squatting; plus other as
a catch-all category for remaining frames. Interviews with medical professionals
identified a fall/fallen distinction as clinically essential for catching “long-lie”
episodes, so our annotation taxonomy models the fallen state separately from
the fall itself. We further include visually similar actions such as lie_ down and
lying since avoiding confusion between lying down and falling has great practical
relevance. Additional classes are determined by reviewing the datasets and adding
major activities. The annotation process is described in detail in the appendix.

OF-Staged. OF-Staged spans 14h of recordings across eight datasets (CMD-
Fall [22], UP-Fall [18], Le2i [8], GMDCSA24 [1], CAUCA Fall 15|, EDF [2§],
Occu and MCFD , Fig. , with synchronized views excluded from dura-
tion accounting but preserved for CV evaluation. When multi-view recordings are
included, CS training includes up to 61.5h of footage, providing OF-Sta with a
training volume advantage over OF-Syn (16.9h single-view) under cross-subject
evaluation. We provide CS/CV splits per dataset and combined splits (OF-Staged)
that support training and testing across domains.

OF-In-the-Wild. Starting from OOPS , we filter clips containing falls,
then manually verify and densely annotate 818 videos (2.65h). These contain
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Fig. 4: Expression conditioning mitigates Wan 2.2’s smile bias on falls: without (left)
and with (right) explicit expression prompts.

1.3k segments in 10/20/70 train/val/test splits with real-world camera motion,
occlusion, and clutter. We selected clips with a clearly visible fall, and covered
indoor and outdoor scenes under varied lighting. Collecting genuine falls from
elderly people is ethically impractical; OF-ItW, with its unscripted accident
videos, is a close available proxy. In this work we almost exlusively use OF-ItW
as test-only, measuring staged—wild generalization.

OF-Synthetic. OF-Syn contributes 12k videos (17h) generated with Wan
2.2 at 1280x 720 and 16 fps, each a five-second clip of a unique individual and
scene. Domain-gap analyses ( show OF-Syn sits closer to OF-ItW in feature
space than individual staged datasets. This enables its use for sim—real studies.
We build each clip from a structured prompt with varying axes: who the
person is, where they are and what they wear, how the fall unfolds, and where
the camera sits. Demographics span six age groups from toddler to elderly and
the seven OMB SPD-15 race and ethnicity categories , alongside body type
and gender, while scenes draw on over a thousand distinct environments. Each
fall combines one of 30 mechanisms (e.g., a slip on ice) with a direction and a
recovery attempt, and the camera ranges from eye-level to CCTV and top-down
views. We fixed specific Wan 2.2 failure modes with prompt engineering, such
as a real-time frame-rate cue reducing slow-motion artifacts, and conditioning
on expressions such as startled or panicked suppressing smiling faces during falls
(Fig. . We screened all 12,000 clips and re-ran generation for clips with unsafe
content, implausible motion, or artifacts. Additional details in the appendix.

4 Experiments

Our evaluation comprises three complementary experiments using different
methodologies. For domain shift analysis (Sec. , we extract frozen motion ori-
ented features from 13D |7] and VideoMAE-K400 and more appearance-based
features from SigL.IP2 to analyze dataset similarities and feature clustering.
For action and fall classification (Sec.[1.2)), we fine-tune VideoMAE-K400 end-
to-end on our benchmark datasets. Timeline segmentation follows established
protocols using SigL.IP2 features (Sec. . Additional details in the appendix.
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Fig. 5: 2D projections of frozen embeddings (I3D, VideoMAE-K400, SigLIP2), color-
coded by dataset (odd columns) and activity (even columns). Rows correspond to feature
type; columns show t-SNE and h-NNE clustering. Full-size plots in the appendix.

4.1 Domain Shift Analysis

Feature-Space Visualization. Figure [f] visualizes frozen embeddings from
I3D, VideoMAE-K400, and SigLIP2 via t-SNE and h-NNE projections (5,000
samples per domain, five-frame temporal means). Across all backbones, domains
form largely disjoint clusters, confirming a strong dataset shift between staged,
in-the-wild, and synthetic videos. The separation is most pronounced for SigL.IP2
and clearly visible for VideoMAE and I3D as well.

Figure [6] shows pairwise Fréchet Video Distances across three feature types.
CMDFall demonstrates high similarity (darker colors) to most other staged
datasets, consistent with its broad coverage of fall types and ADL categories.
OF-Syn and OF-ItW exhibit strong mutual similarity, likely because both contain
a large proportion of outdoor activities absent from any staged dataset. This
domain overlap partly explains OF-Syn’s transfer advantage in Sec. [£:2] It also
illustrates a practical strength of synthetic generation: diverse environments can
be covered at negligible cost, whereas staged recordings are typically confined
to laboratory settings. Conversely, OF-Staged shows substantial dissimilarity
to OF-ItW on VMAE-K400, corresponding to the OOD performance gaps in
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Fig. 7: Zero-shot confusion matrices on UP-Fall and CMDFall for Qwen3-VL-8B and
InternVL3.5-8B, restricted to the semantically adjacent classes fall, lie down, fallen, and
lying. Both models confuse fallen with lying and, to varying degrees, fall with lie down.

Section [4.2] We encourage cross-referencing these distance-based visualizations
with the dataset examples provided in the supplementary material.

4.2 Action and Fall Classification

Fine-Tuning Setup. We use VMAE-K400 (87M parameters). As a first
probe of out-of-domain generalization, we fine-tune on individual staged datasets
and test each both in-domain and on OF-ItW (Tab. . We then study four
training configurations in more detail: (1) CMDFall alone (7h), the largest pre-
existing staged dataset, using cross-subject (CS) splits; (2) OF-Staged (14h,
8 datasets) with CS splits; (3) OF-Synthetic with random (Ra) splits (17h);
(4) OF-Staged (CS) + OF-Synthetic (Ra) combined. Single-view durations are
comparable (OF-Sta: 13.8h, OF-Syn: 16.9h), but CS splits leverage multi-view
recordings, giving OF-Sta up to 61.5h of training footage.

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. Macro-F1 scores tend to be lower due to the natural class imbalance
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Table 2: Per-dataset in-domain (ID) vs. in-the-wild (ItW) generalization. A
VideoMAE-K400 model is trained on each staged dataset and tested on its own test
split (ID) and on OF-ItW. Sensitivity, Specificity, F1 score.

Test Train dataset Fall Fallen
Se Sp F1 Se Sp F1
CMDFall 91.2 99.3 93.0 92.0 98.7 90.9
Up-Fall 57.9 99.8 72.9 40.4 99.8 57.1
Le2i 100 100 100 100 99.5 97.7
e GMDCSA24 76.5 93.4 74.3 76.5 100 86.7
EDF 100 100 100 65.0 100 78.8
OCCU 100 97.7 94.1 100 100 100
CaucakFall 100 94.7 90.0 100 100 100
CMDFall 51.1 86.9 52.3 10.0 98.7 16.6
B Up-Fall 9.5 99.6 16.9 1.6 99.8 3.2
2 Le2i 56.8 94.8 b58.8 50.5 86.7 33.1
= GMDCSA24 37.8 96.7 47.0 12.3 97.7 17.7
8 EDF 15.6 98.6 24.8 18.9 94.8 21.0
OCCU 8.7 98.4 14.5 1.5 989 2.7
CaucakFall 8.0 98.9 13.8 11.2 97.7 16.2

Each row reports one VideoMAE-K400 |21] model trained on that
dataset’s training split. ID: same dataset’s held-out test split; ItW:
the OF-ItW test set.

across 16 categories. Tables [3]and [4] provide detailed results; best and second-best
values per column are highlighted in green and orange.

Per-Dataset Generalization. Trained on a single staged dataset, a model
reaches near-ceiling in-domain F1 but collapses on OF-ItW (Tab. : Le2i falls
from 100 to 58.8 Fall F'1, and Up-Fall from 72.9 to 16.9, with fallen detection lower
still (Le2i: 97.7 to 33.1). No staged dataset displays good OOD generalization.

Training on CMDFall. We examine CMDFall in more detail, the largest and
most diverse staged dataset (Tab. . On cross-subject splits it performs strongly
in-domain (83.3% BAcc, Fall F1: 93.0%), yet still generalizes only weakly to
OF-ItW (Fall F1: 52.3%, Fallen F1: 16.6%). Even the largest staged dataset
thus lacks the diversity needed for real-world deployment, particularly for the
clinically critical fallen state. We next ask whether unifying datasets and adding
controlled synthetic diversity closes this gap.

Training on OF-Staged. Training on the unified OF-Staged superset sub-
stantially improves out-of-distribution performance. Despite similar data volume
to CMDFall alone (61.5h vs 49.8h multi-view), the diversity of eight datasets
with varied environments, subjects, and viewpoints improves OF-ItW results to
61.2% Fall F1 and 39.4% Fallen F1, in-distribution performance remains strong
(CMDFall CS BAcc: 82.9%). This suggests dataset diversity rather than quantity
drives better real-world generalization for both fall events and fallen states.
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Table 3: Evaluation of zero-shot MLLMs and differently fine-tuned VMAE-K400
models on OF-Staged (CS test splits). Bal. Accuracy, Sensitivity, Specificity.

Test Model Train | 16-class Fall A Fallen A Fall U Fallen A
|BAcc Acc F1 Se Sp F1 Se Sp Fl1 Se Sp Fl

= Qwen ZS 50.6 47.8 27.6 53.998.3 654 2.4 100 4.8 30.698.1 44.9
& IntVL ZS 52.4 53.6 30.6 84.596.6 81.7 1.8 999 3.6 47.396.2 59.4
E VMAE CMDF| 83.3 85.4 83.8 91.299.3 93.0 92.0 98.7 90.9 95.6 98.9 96.0
= VMAE Sta 82.9 85.4 829 91.899.1 93.0 92.6 98.9 92.0 95.8 98.9 96.2
O VMAE Syn 45.8 50.3 34.9 61.096.4 66.1 27.6 96.0 34.6 52.4 93.3 60.5

VMAE St+Sy | 83.0 85.4 83.3 92.6 98.9 92.6 90.998.9 91.0 96.3 98.8 96.3
= Qwen ZS 44.7 31.8 20.0 21.190.9 27.4 0.0 100 0.0 10.587.4 16.6
= IntVL ZS 476 41.8 229 77.286.8 68.8 0.0 100 0.0 38.681.6 47.6
E VMAE CMDF| 55.6 52.9 41.7 12.398.8 21.1 50.9 96.6 62.4 31.6 93.5 45.1
o, VMAE Sta 92.5 92.7 83.0 95.6 98.8 95.6 87.797.3 88.9 92.1 949 92.7
> VMAE Syn 48.0 52.9 31.3 63.299.3 76.2 2.6 99.5 5.0 33.899.0 50.0

VMAE St+8Sy | 92.6 92.0 82.4 96.599.3 96.9 79.898.0 85.4 88.296.3 914

Qwen ZS 48.0 54.7 28.8 9.1 994 16.0 0.0 100 0.0 4.7 99.4 8.7
=] IntVL ZS 48.0 55.2 28.1 27.398.3 38.7 0.0 100 0.0 14.098.1 23.1
& VMAE CMDF| 65.9 71.9 52.7 77.397.8 79.1 85.799.5 90.0 86.0 98.1 89.2
S VMAE Sta 81.4 89.7 72.9 100 100 100 100 100 100 100 100 100

VMAE Syn 53.1 57.1 39.5 59.1 100 74.3 9.5 98.9 16.0 39.5 100 56.7

VMAE St+Sy | 83.2 89.7 82.4 100 99.4 97.8 100 100 100 100 99.4 98.9
=1 Qwen ZS 62.4 48.4 36.1 58.8 94.7 64.5 17.6 100 30.0 38.293.2 51.0
< IntVL ZS 55.6 44.1 33.5 58.892.1 60.6 0.0 100 0.0 29.489.8 40.0
8 VMAE CMDF| 59.5 54.8 50.4 64.7 89.5 61.1 52.9 100 69.2 61.8 88.1 67.7
% VMAE Sta 64.5 73.1 66.8 88.293.4 81.1 88.2974 88.2 91.289.8 87.3
5 VMAE Syn 64.5 60.2 50.3 52.9974 64.3 23.5 100 38.1 41.2 98.3 57.1

VMAE St+Sy | 80.3 76.3 75.0 64.7 94.7 68.8 82.497.4 84.8 76.591.5 80.0

Qwen ZS 51.5 38.3 20.9 0.0 100 0.0 0.0 100 0.0 0.0 100 0.0
x| IntVL ZS 41.5 34.4 20.7 25.097.3 34.8 0.0 100 0.0 11.196.7 18.6
; VMAE CMDF| 52.6 58.6 43.7 6.2 96.4 9.5 75.096.3 76.9 50.0 93.5 60.0
% VMAE Sta 56.6 75.8 57.2 82.495.5 77.8 100 95.3 89.4 100 92.2 91.6

VMAE Syn 33.7 43.8 24.2 35.392.8 38.7 47.693.5 52.6 47.485.6 52.2

VMAE St+Sy | 55.1 74.2 54.2 82.495.5 77.8 100 95.3 89.4 100 92.2 91.6
— Qwen ZS 55.1 53.5 39.5 31.2 100 47.6 0.0 100 0.0 15.6 100 27.0
& IntvL ZS 44.8 44.6 30.2 12.5 100 22.2 0.0 100 0.0 6.2 100 11.8
8 VMAE CMDF| 44.2 38.6 29.4 0.0 100 0.0 6.2 97.6 10.5 3.1 97.1 5.7
O VMAE Sta 86.0 90.1 &4.6 100 97.6 94.1 100 97.6 94.1 100 94.2 94.1
O VMAE Syn 54.1 53.5 30.5 37.5 100 54.5 0.0 100 0.0 18.8 100 31.6

VMAE St+Sy | 84.4 91.1 81.9 100 97.6 94.1 100 98.8 97.0 100 95.7 95.5
] Qwen ZS 56.3 55.3 36.2 100 92.1 85.7 11.1 100 20.0 55.6 89.7 64.5
=/ IntVL ZS 38.1 42.6 24.5 100 86.8 78.3 0.0 100 0.0 50.082.8 56.2
= VMAE CMDF| 62.4 74.5 61.3 66.7 100 80.0 100 94.7 90.0 88.9 96.6 91.4
= VMAE Sta 79.5 80.9 77.5 88.9 100 94.1 100 100 100 94.4 100 97.1
8 VMAE Syn 60.1 55.3 40.9 77.894.7 77.8 22.2 100 36.4 50.093.1 62.1

VMAE St+Sy | 76.8 80.9 76.2 100 100 100 100 97.4 94.7 100 96.6 97.3

Qwen: Qwen3-VL-8B [5], IntVL: InternVL3.5-8B, VMAE: VideoMAE-K400 [21].
ZS: zero-shot, CMDF: CMDFall CS, Sta: OF-Sta CS, Syn: OF-Syn Ra, St+Sy: OF-Sta CS + OF-

Syn Ra. Shaded rows: out-of-distribution (test dataset absent from training).
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Table 4: Evaluation of zero-shot MLLMs and differently fine-tuned VMAE-K400
models on OF-Syn and OF-ItW. Bal. Accuracy, Sensitivity, Specificity.

Test Model Train \ 16-class Fall A Fallen A Fall U Fallen A
|BAcc Acc F1 Se Sp F1 Se Sp F1 Se Sp FI1
Qwen ZS 55.9 67.6 48.4 54.2 96.4 59.3 15.3 98.6 23.2 43.1 95.7 53.2
i IntVL ZS 50.3 64.9 44.3 52.497.2 59.8 4.7 99.5 8.4 36.597.3 49.2
le VMAE CMDF |32.4 51.9 31.0 33.096.5 40.9 10.0 97.4 14.2 27.3 94.1 35.7
o) VMAE Sta 32.0 50.9 31.2 46.2 97.3 55.1 32.794.1 32.2 43.1 90.9 47.3
VMAE Syn 59.0 81.4 60.5 96.2 95.1 81.6 67.397.0 66.4 90.1 92.6 81.1
VMAE St+Sy |60.5 81.2 62.4 96.2 95.8 83.6 68.7 96.7 66.0 89.5 92.7 81.0
Qwen ZS 36.4 45.4 26.3 84.6 80.8 67.8 19.6 98.1 29.2 69.8 78.5 66.1
B IntVL ZS 34.9 43.8 26.0 87.779.4 68.0 19.6 99.1 31.0 74.479.5 69.5
2 VMAE CMDF |16.0 35.3 14.7 51.1 86.9 52.3 10.0 98.7 16.6 42.9 85.7 50.3
;7'_‘ VMAE Sta 20.5 41.4 18.5 77.6 77.6 61.2 33.4 954 39.4 74.1 73.3 65.7
O VMAE Syn 20.6 46.7 21.2 72.0 84.6 64.2 35.0 96.1 42.3 69.5 81.8 67.9
VMAE St+Sy | 21.4 47.6 21.9 72.985.4 65.6 33.1 96.3 41.0 68.282.4 67.5

VMAE seysy1ew| 25.8 56.5 26.7 79.3 91.3 76.0 57.2 92.8 53.6 80.9 84.7 76.9

Qwen: Qwen3-VL-8B [5], IntVL: InternVL3.5-8B, VMAE: VideoMAE-K400 [21].
ZS: zero-shot, CMDF: CMDFall CS, Sta: OF-Sta CS, Syn: OF-Syn Ra, St+Sy: OF-Sta CS + OF-

Syn Ra Shaded rows: out-of-distribution (test dataset absent from training).

Training on OF-Synthetic. Training only on synthetic OF-Syn achieves the
best single-source OF-In-the-Wild performance on both Fall F1 (64.2%) and
Fallen F1 (42.3%), above the OF-Staged superset (61.2% and 39.4%). It does
so despite comparable single-view duration (16.9h vs. 13.8h) and no access to
multi-view recordings (OF-Sta CS: up to 61.5h). The Fallen F1 improvement
reflects OF-Syn’s explicit modeling of extended post-fall ground contact, as
discussed in Sec. [I] This matches the domain shift analysis (Sec. [1.1)), where
OF-Syn sits closer to OF-ItW in feature space than staged datasets.

Training on OF-Staged+OF-Synthetic. Combined training on OF-Sta(CS)
and OF-Syn(Ra) yields the best cross-domain Fall F1 on OF-ItW (Table [4),
reaching 65.6% with 83.0% BAcc on CMDFall CS. Improvement over OF-Syn
alone is marginal (+1.4 F1 points) suggesting that our synthetic data captures
most of the variation needed for real-world generalization. fallen detection is
strongest when OF-Syn is the sole training source (Fallen F1: 42.3% vs. 41.0%),
possibly due to an underrepresentation of the fallen class in staged datasets.

Upper-Bound on OF-ItW. To contextualize the cross-domain results, we
fine-tune VMAE-K400 on the combined OF-Staged, OF-Synthetic, and OF-ItW
training splits (Table 4} last row). This configuration achieves Fall F1 of 76.0 and
Fallen F1 of 53.6 (FallUFallen F1: 76.9). Compared to the best cross-domain
configuration (St+Sy: 65.6 / 41.0 / 67.5), substantial headroom remains: even
a modest amount of in-the-wild training data improves both fall and fallen
detection considerably.
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Zero-Shot MLLMs. As zero-shot baselines, we prompt two 8B-parameter
multimodal LLMs (MLLMs), Qwen3-VL-8B [5| and InternVL3.5-8B [26], to
classify video clips into one of the 16 classes without any task-specific training
(Tables [3] and [4). On OF-ItW, both models achieve high fall F1 scores (67.8
and 68.0, respectively), yet fallen detection remains poor (F1: 29.2 and 31.0),
indicating that detecting sustained post-fall states requires capabilities that
large-scale pre-training alone does not provide. On staged datasets, both MLLMs
score substantially below the fine-tuned models above. Setup details, prompt
templates, and ablations across additional model scales appear in the appendix.

Fallen Class Confusion. Figure [7] illustrates systematic confusion between
semantically adjacent classes in zero-shot MLLM predictions. Both models classify
nearly all fallen instances as lying (95-97% on UP-Fall; <3% correct on CMDFall),
consistent with these being static ground-contact states that likely require fine-
grained temporal reasoning to distinguish. In a care setting, this confusion would
result in missed long-lie alerts, as the system would label a person unable to get
up as merely lying down. Beyond classification accuracy, 8B-parameter MLLMs
are computationally heavy, which limits their use on edge devices or for real-time
monitoring, unlike the smaller, task-specific fine-tuned models above.

Fine-Tuned VMAE vs. Zero-Shot MLLMs. On fall event detection, both
paradigms perform comparably on OF-ItW: VMAE (St+Sy, ~87M parameters)
achieves Fall F1 of 65.6, close to Qwen3-VL’s 67.8 and InternVL3.5’s 68.0 (8B
parameters each). On the clinically critical fallen state, however, the paradigms
diverge: the best fine-tuned configuration (VMAE trained on OF-Syn) reaches
Fallen F1 of 42.3, substantially outperforming both MLLMs (29.2 and 31.0). This
indicates that fallen-state recognition requires task-specific training, a gap that
large-scale pre-training alone does not bridge. At a fraction of the computational
cost and model size, the fine-tuned models are also more suitable for on-site
deployment in care environments.

Summary. Across all configurations, fallen-state detection is the primary bot-
tleneck: even the best configuration with in-domain training data reaches only
53.6 % Fallen F1 (Table , compared to 76.0 % Fall F1 under the same condi-
tions. Cross-demographic generalization experiments (cross-age and cross-BMI
on OF-Syn) and cross-view results are in the appendix.

4.3 Timeline Segmentation

With dense labels and multi-domain coverage, OmniFall supports OOD timeline
segmentation studies. To demonstrate, we train ASQuery [14] at 10 {ps using
frozen SigLIP2 [23] features. We consider three training sets: OF-Staged, OF-
Synthetic, and their union OF-StaUOF-Syn, and evaluate on in-distribution
staged test splits and out-of-distribution OF-ItW. We report F1@QIoU (10,/25/50),
normalized Edit, and frame accuracy (Table .
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Table 5: ASQuery |14] timeline segmentation with SigLIP2 features.

Test  Train |[F1@10 F1@25 F1@50 Edit Acc

Sta 82.13  80.64 72.70 81.90 80.19
St+Sy| 82.48  80.99  73.24 82.51 79.88

Syn 84.17  83.32 78.11 83.71 82.71
St+Sy | 83.10 82.24 76.90 82.41 81.15

Sta 39.15 33.95 20.26 36.42 43.32
OF-ItW Syn 53.92  40.56  27.60 49.97 59.39
St+Sy| 52.34  45.66  28.61 48.07 59.83

Sta: OF-Sta CS, Syn: OF-Syn Ra, St+Sy: OF-Sta CS+ OF-
Syn Ra. Shaded rows: out-of-distribution.

OF-Sta

OF-Syn

Training Data Comparison. All configurations achieve strong in-distribution
performance (F1@50: 72-78%), but OF-ItW scores drop substantially. Train-
ing on OF-Synthetic alone achieves F1@Q50 of 27.60 % on OF-ItW, surpassing
OF-Staged (20.26 %) and approaching OF-StalJOF-Syn (28.61 %). This mirrors
the classification results (Section : synthetic data with controlled diversity
bridges the domain gap to in-the-wild settings more effectively than staged data
alone. OF-Sta U OF-Syn is the most robust overall: it combines staged motion
structure with synthetic appearance diversity.

Overall, the staged—wild transfer is hard: models that score highly in con-
trolled settings lose precision on OF-ItW, where appearance, motion, and camera
factors vary widely.

5 Risks and Limitations of Synthetic Data Generation

OF-Synthetic addresses representative gaps concerning demographics and realism
of staged fall data. At the same time, the use of generative video models can intro-
duce new biases. While we manually verified the overall quality of the generation
process, we cannot guarantee that all attributes are faithfully representative of
global populations, particularly for demographic groups underrepresented in the
generator’s training data. In order to avoid personal biases regarding ethnicity
definitions, we follow the U.S. OMB ethnicity reporting standards [24] which
might under-represent certain ethnicities. Furthermore, bound by limitations of
the generation model, we limited video generation to a binary gender representa-
tion model. We request researchers using our data to be aware of such potential
biases and limitations and to consider countermeasures in training and analysis
for potential biases of resulting models. Despite these limitations, we believe that
our synthetic dataset improves fall detection for all demographic groups.
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6 Conclusion

OmniFall is a unified benchmark spanning ~80 hours of densely annotated video
across staged, in-the-wild, and synthetic domains, with framewise 16-class timeline
annotations for both classification and timeline segmentation.

Experiments produce three findings. First, smaller fine-tuned vision models
and zero-shot multimodal LLMs fail differently: both reach comparable fall-event
detection on genuine accidents, yet diverge on the clinically critical fallen state,
where zero-shot models systematically confuse fallen with lying. Fine-tuned
models trained on synthetic data with post-fall modeling address this gap at a
fraction of the computational cost, and are better suited to on-site deployment.

Second, training data diversity drives cross-domain generalization more effec-
tively than volume alone: unifying eight staged datasets substantially improves
in-the-wild performance over the largest single dataset at comparable training
hours, and synthetic data with controlled diversity improves further. Timeline seg-
mentation experiments confirm this pattern: synthetic-trained models outperform
staged-only models on out-of-distribution data.

Third, fallen-state detection is the main bottleneck: even with in-domain
training data, fallen recognition performs significantly worse than fall-event
detection. Since missed fallen states lead to missed long-lie alerts, closing this
gap is the most important challenge for clinical deployment. OmniFall provides
the standardized protocols and multi-domain data to drive this progress.
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