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Abstract. Vision-language models (VLMs) offer a promising route to
fall detection for socially assistive robots in home and care settings, where
timely recognition can trigger assistance or further verification by car-
ers or interactive robots. Most vision-based fall detectors are supervised
and require task-specific labelled data and/or robust pose estimation,
which can be brittle under occlusion and viewpoint changes and costly
to adapt across deployments. This paper investigates whether pretrained
VLMs can enable data-free fall detection via zero-shot prompting, and
how much a lightweight few-shot calibration step improves performance
without requiring backbone tuning. We present (i) a zero-shot detector
based on a balanced contrastive prompt bank, and (ii) a few-shot variant
that trains only a linear classifier on frozen VLM embeddings. We evalu-
ate these alongside three skeleton-based supervised baselines (2D CNN,
3D CNN, ViT) and a rule-based heuristic on a balanced test set of 40
single-person videos (20 fall, 20 non-fall), with identical windowing (32
frames, 50% overlap) and video-level aggregation (majority vote). The
few-shot VLM achieves 100% accuracy, while the zero-shot VLM reaches
92.5% accuracy without fall-specific training data (3 false positives on
non-fall videos). Skeleton-based baselines achieve 97.5—100% accuracy
but require pose extraction, increasing pipeline complexity. These results
suggest that pretrained VLMs can provide a practical perception trigger
for robot-in-the-loop verification and escalation in assistive care, with
zero-shot prompting achieving high recall at the cost of a small number
of false alarms.
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| see you have fallen.
Are you hurt?

| Human detected falling down|

Robot moving closer to assist|

Fig. 1. Conceptual social-robot fall response. Left: the robot approaches a person after
detecting a potential fall to initiate a safety check. Right: a remote caregiver dashboard
receives an incident log and status updates (detection, approach, check-in, escalation).

1 Introduction

Fall detection is a foundational capability for socially assistive robots and assis-
tive technologies deployed in homes and care settings, where reliable recognition
of hazardous events can trigger timely support (e.g., check-in interaction, alert-
ing carers, escalation workflows) while preserving users’ autonomy and dignity.
Falls are a major public-health problem worldwide: the WHO reports approxi-
mately 684,000 fatal falls annually and around 37.3 million falls severe enough
to require medical attention, with the highest fatality rates among adults over
60 [35]. In the UK, falls also represent a high-volume and high-cost burden
for health services, motivating practical monitoring solutions in community and
care environments [30]. Figure illustrates the motivating social-robot scenario:
a robot detects a potential fall, approaches to verify the event via dialogue, and
escalates the incident to a remote caregiver interface.

Robots are increasingly being explored for care delivery, including socially
assistive roles (companionship, facilitation, therapy) and safety-oriented func-
tions [1I32). However, deploying camera-based monitoring in private spaces raises
acceptance and privacy concerns. Evidence syntheses show that acceptance of
video-based AAL is highly conditional and strongly shaped by perceived benefits
(especially emergency detection) relative to privacy costs, underscoring the need
for deployable, transparent approaches that disclose failure modes [21].
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Vision-based fall detection is attractive because it is non-contact and can
leverage existing RGB cameras (fixed or robot-mounted), yet robust performance
in real homes remains challenging. Recent reviews consistently highlight three
recurring issues: (i) limited, staged, and often imbalanced labelled datasets; (ii)
substantial domain shift across environments, viewpoints, and lighting; and (iii)
ambiguity between falls and visually similar activities of daily living (e.g., sitting,
lying down, kneeling) [14]. These challenges interact with real-time operational
requirements: practical systems must maintain low latency and stable false-alarm
rates, since excessive false alerts can reduce trust and willingness to use assistive
systems over time [21]. While recent architectures (including transformer-based
video models) improve in-domain accuracy, they typically remain supervision-
heavy and require retraining or careful calibration to sustain performance under
deployment shift [22/5].

A prominent strategy is to adopt skeleton-based representations to reduce
sensitivity to background appearance and support more interpretable motion
reasoning [I2I26]. In these pipelines, pose estimation becomes a critical depen-
dency: occlusion, unusual camera angles (common with mobile robots), and light-
ing can degrade keypoint quality, and per-frame pose inference adds non-trivial
computational overhead compared to direct RGB processing [8I29/31]. Thus,
even when skeleton models are efficient, end-to-end latency and robustness are
bounded by the pose front-end.

Vision—language models (VLMs) offer a complementary route. CLIP-style
pretraining aligns images and text in a shared embedding space, enabling zero-
shot recognition via natural-language prompts without task-specific training
data [23]. This capability is appealing for fall detection because collecting and
annotating real fall events is expensive, privacy-sensitive, and difficult to scale.
At the same time, applying CLIP to falls is non-trivial: falls are temporal events,
and prompt-based inference can be sensitive to wording and calibration. Accord-
ingly, this paper quantifies how far a frozen VLM can go for fall detection in a
strictly data-free zero-shot setting, and how much can be gained through a min-
imal few-shot calibration step that avoids backbone fine-tuning.

We present a comparative study of (i) a zero-shot CLIP fall detector using a
balanced contrastive prompt bank and sparse frame sampling, and (ii) a few-shot
variant that trains only a lightweight linear classifier on frozen CLIP embeddings.
We evaluate these alongside a rule-based heuristic and three skeleton-based su-
pervised models (2D CNN/ResNet [17], 3D CNN, and ViT [I0]) under a common
windowing and aggregation protocol on a balanced single-person test set, report-
ing both detection performance and operational efficiency. These results inform
how socially assistive robots can use fall detection as a practical trigger for check-
in interaction and caregiver escalation, especially when collecting task-specific
fall data is limited.
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2 Related Work

We review prior work on fall detection for assistive care and socially assistive
robotics, spanning video- and skeleton-based methods as well as recent vision—
language models for zero/few-shot recognition, highlighting the need for ap-
proaches that reduce labelled-data requirements while remaining practical un-
der deployment shift. Table [I] summarises the main families of fall-detection
approaches discussed in the literature and highlights their typical trade-offs in
training requirements, robustness, and deployment cost.

Table 1. High-level comparison of fall detection families and typical trade-offs.

Family Inputs Training Strengths Common Limitations
Need

‘Wearables IMU, pressure Supervised Privacy, Compliance, placement,
/ thresholds  mobility-friendly charging

Rule-based RGB / bbox None Simple, explainable Viewpoint sensitivity,

video brittle thresholds

Supervised RGB / flow High Strong in-domain Data-hungry, domain

video DL accuracy shift

Skeleton- 2D /3D joints Moderate— Background-robust, Pose failures,

based DL high interpretable preprocessing cost

Robot-in-the- Multi-sensor + Varies Verification, escalation, Integration complexity,

loop robot telepresence sensing reliability

VLM RGB + None No fall data needed, Prompt/domain

zero-shot prompts prompt interpretability  sensitivity, temporal

pooling
VLM few-shot RGB + small Low Fast adaptation, Requires calibration set
labels minimal training

Fall detection is often treated as a sensing problem, but in robot-assisted care
it also becomes an interaction and escalation problem: when an alarm triggers,
a robot can approach, initiate a short safety dialogue, and route the event to
caregivers to reduce unnecessary escalations while maintaining timely response.
Robot-in-the-loop designs have been explored to verify potential falls and sup-
port tele-presence or remote decision-making, targeting the operational burden
of false alarms [9]. More broadly, mobile/social robots have been proposed as part
of Ambient Assisted Living stacks that combine monitoring with multi-modal
user interaction and emergency handling [I527]. These perspectives motivate
fall detection pipelines that prioritise (i) robustness under viewpoint changes
(including robot-mounted cameras), (ii) low latency for immediate check-in, and
(iii) transparent failure modes integrated into downstream care workflows.

Vision-based fall detection has progressed from heuristic and silhouette-based
methods to deep architectures that learn spatiotemporal patterns from RGB or
intermediate representations [27]. Despite strong in-lab performance, surveys
report deployment barriers: staged/acted falls (often by young participants),
limited environmental diversity, and ambiguity with fall-like ADLs (e.g., sitting,
lying, kneeling), contributing to domain shift and brittle thresholds [2]. This
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has driven efforts toward (a) larger, more diverse datasets and (b) models that
reduce reliance on curated training distributions.

Public datasets illustrate these trade-offs. UP-Fall provides a large multi-
modal resource (wearables, ambient, and vision) but uses simulated falls for
safety and may differ from real-world falls [20]. Other datasets increase realism
via variable illumination, occlusion and clutter (e.g., CAUCAFall) [16], multi-
room/location protocols (e.g., URFD/UR Fall) [I8], or low-cost/low-resolution
recordings to stress robustness (e.g., GMDCSA-24) [3]. Evaluation resources
also exist for surveillance-style settings with frame-level annotations and pro-
tocol variants [I1]. Overall, data availability and shift remain key constraints,
motivating approaches that operate with minimal task-specific data.

Supervised fall detectors use a sliding-window pipeline with 2D/3D CNNs,
CNN-RNN hybrids, or transformer-style temporal encoders [6]. Recent trans-
former backbones operate directly on RGB clips (avoiding handcrafted features)
and support streaming detection [22]. In parallel, edge-oriented work reduces
compute (e.g., compression/pruning and lightweight temporal modules) to en-
able deployment on constrained devices [13]. However, these approaches remain
supervision-heavy and often require retraining or recalibration when moving to
new homes/cameras, motivating the use of frozen pretrained representations.

Skeleton-based fall detection inherits advances from skeleton action recogni-
tion, where spatiotemporal graph models (e.g., ST-GCN) have become a stan-
dard way to model joint dynamics [38]. For fall detection, skeleton representa-
tions can reduce sensitivity to background appearance and provide interpretabil-
ity, but they introduce a dependency on pose quality [26127]. In practice, pose
estimation degrades under occlusion and at unusual viewpoints, and it incurs
additional front-end cost. Common pose estimators include OpenPose-style part
affinity fields and high-resolution networks [8[29], as well as efficient detectors
used in applied pipelines [31]. Interpretable modular pipelines explicitly acknowl-
edge this dependency by pairing privacy/selection modules with OpenPose-like
extraction before classification [12]. These considerations are amplified in social-
robot scenarios, where the camera viewpoint changes as the robot moves.

CLIP-style VLMs align images and text in a shared embedding space, en-
abling open-vocabulary recognition via prompting and similarity scoring [2328].
Because falls are temporal events, a key challenge is extending image-level VLM
representations to video. Prior work explores temporal pooling/alignment for
retrieval and recognition (e.g., CLIP4Clip) [19], action-centric adaptations (e.g.,
ActionCLIP) [33], and open-vocabulary video CLIP variants that improve zero-
shot recognition with lightweight temporal modelling (e.g., Open-VCLIP /Open-
VCLIP++) [34037]. A related line adapts VLMs for weakly supervised video
anomaly detection (e.g., VadCLIP), supporting safety monitoring [36].

The most directly aligned fall-specific VLM work fuses object /action pipelines
with CLIP, for example, a YOLO-CLIP fusion approach that uses detector out-
puts and CLIP similarity to improve fall recognition in engineered environments
[4]. In contrast, our study isolates the question of how far a frozen VLM can go
in a data-free setting using only prompt contrast on RGB, and quantifies the



6 Shahabian Alashti et al.

Table 2. Compared methods in this study. “Preproc.” indicates major preprocessing
beyond resizing /normalisation.

Method Input Preproc. Train. Data Key property

Rule-based RGB — pose Pose+bbox  None Simple  posture
heuristic

Zero-shot VLM RGB frames resize/norm. None Prompt contrast
(99 vs 99)

Few-shot VLM RGB frames resize/norm. Low Frozen CLIP +
linear probe

2D CNN (ResNet) Skeleton windows Pose+norm. Moderate CNN over
time X joints

3D CNN (Simple) Skeleton windows Pose+norm. Moderate 3D  conv over
(x,y,joint,time)

ViT (skeleton) Skeleton windows Pose+norm. Moderate Attention  over
patches

benefit of a minimal few-shot linear probe on frozen embeddings. This design is
particularly relevant for social-robot and in-home deployment, where collecting
fall-specific labels is difficult and fast calibration with limited data is desirable.

3 Methods

This section defines the fall-detection pipelines evaluated in this work and the
common processing protocol used to ensure a fair comparison. We compare six
fall-detection approaches spanning heuristics, pretrained vision-language models
(VLMs), and skeleton-based supervised classifiers: (1) rule-based heuristic (pose
+ geometry), (2) zero-shot VLM (CLIP prompt contrast), (3) few-shot VLM
(linear probe on frozen CLIP embeddings), (4) skeleton-based 2D CNN (ResNet-
style), (5) skeleton-based 3D CNN, (6) skeleton-based ViT. All methods are
evaluated under the same windowing and aggregation protocol (Sec. . Table
summarises the key differences.

3.1 Windowing and Video-Level Aggregation

All methods operate on fixed-length temporal windows of T = 32 frames with
50% overlap (stride 16). Each window produces either a fall probability py 2
[0; 1] or a binary label Yy, 2 f0; 1g. For probabilistic methods, probabilities are
converted to labels using a threshold (default = 0:5):

Yw = 1(pw ): (1)
The video-level prediction is obtained by majority vote over windows:
1 X !
YVideo =1 W yw 0:5 (2)

w=1
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where W is the number of windows.

3.2 Rule-Based Heuristic (Pose Geometry)

We include a lightweight, explainable baseline that detects falls from simple ge-
ometric cues derived from pose estimation. For each frame, a single-person pose
estimator returns 2D keypoints f(x ; ;y; )gf:l and an associated person extent
(bounding box). We compute the tight pose bounding box B = [X min ; Ymin ; Xmax ; Ymax ]
from valid keypoints, with width w { =X nax X min @and height hy =Y max Y min -

A posture score is computed using the height-to-width ratio:

_ he
rt_Wt+ 1 (3)

where is a small constant to avoid division by zero. Upright postures tend to
yield r{ > 1, while near-horizontal postures yield r; < 1.
To reduce jitter, we apply a temporal median Iter within each window:

f = medianfr ; ;:::re (4)

where is the half-window size of the Iter (we use =2, i.e., a 5-frame median
Iter). A frame is agged as \lying" if # { < |, where ; is a xed aspect-ratio
threshold (we use = 0:8). A window is classi ed as a fall if the proportion of
\lying" frames exceeds ,:

1 X

9W:| ?_ I(F't< r) p s (5)
t=1

where , controls how sustained the horizontal posture must be (we usep =
0:5). Video-level predictions use the same majority-vote aggregation (Se@.l).
This heuristic approximates a common posture-based rule (sustained tran-
sition to a near-horizontal con guration) and provides a transparent reference
point, while inheriting the limitations of pose quality and viewpoint sensitivity.

3.3 Zero-Shot VLM Fall Detection

We implement zero-shot fall detection using CLIP ViT-B/32 [23] with a balanced
prompt-contrast scheme. For each temporal window, we sample k representative
RGB frames fl;g¢; and compute L2-normalised image embeddings;v2 R5*?
using the CLIP image encoder. We construct a prompt bank ft; gj“ﬂl and pre-
compute (cache) L2-normalised text embeddings p 2 R5!2 using the CLIP text
encoder. Cosine similarity reduces to a dot product:

Sj =Vviu: (6)
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Table 3. Example prompts from the balanced bank (99 fall, 99 non-fall). The full list
is omitted for space and can be provided on demand.

Fall prompts (examples) Non-fall prompts (examples)
a person falling down to the ground a person walking normally
a person losing balance and falling a person standing upright
a person tripping and falling down a person sitting on a chair
a person falling backwards a person lying on a bed

a person falling and remaining on the oor a person getting up safely

Balanced prompt bank and contrastive probability. We use M = 198 prompts with
two equally sized sets: M = 99 fall prompts and M = 99 non-fall prompts.
LetP* and P denote their indices. For a window, we average similarities across
prompts within each set and across the k sampled frames:
« 0 1 « 0 1
X X
} 1 } i Sij A : (7)

LA - =
PO VE A S vV I
i=1 j2P * i=1 j2P

st =

We use k = 1 frame per window (the middle frame) for the reported runtime
measurements and form a contrastive logit =s * s and map it to a fall
probability using a temperature-scaled sigmoid:

Pral = — ; Tc=0:1: (8)

Intuitively, Eq. (8) measures whether a window is more similar to the fall prompt
set than to the non-fall prompt set, reducing confusion with fall-like ADLSs.

Prompt bank design (fall vs non-fall). A key component of our zero-shot formu-
lation is a balanced prompt bank that represents both the target event and plau-
sible confounders. Fall prompts cover direct fall descriptions, motion/causality
variants (e.g., slipping/tripping/losing balance), and post-fall end states (e.g.,
lying on the oor, remaining still). Non-fall prompts represent common safe ac-
tivities and postures (walking, standing, sitting) as well as benign lying (e.g.,
lying in bed), which is a frequent source of false alarms. The prompt bank can
be adapted to the operating environment (e.g., bedroom vs living room, robot-
mounted vs xed camera) by adding or reweighting context-speci ¢ prompts,
providing an interpretable mechanism to tune precision{recall behaviour with-
out retraining the visual backbone.

3.4 Few-Shot VLM (Frozen CLIP + Linear Probe)

Few-shot adaptation trains only a lightweight classi er on top of frozen CLIP
embeddings, avoiding backbone ne-tuning. For each window, we compute a
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pooled embedding z 2 ' by averaging the k sampled frame embeddings. We
train a logistic regression (single linear layer) to predict fall probability:

Pral = (W ~z+h); )

optimising binary cross-entropy while updating only (w; b). Window and video
decisions follow Sec. 3.1.

3.5 Skeleton-Based Supervised Models

Skeleton baselines operate on 2D keypoints extracted per frame (COCO-17)
using Ultralytics YOLOv11-pose [31]. Keypoints are normalised by centring and
scaling to reduce translation and person-size variance. Each window yields a
xed-shape tensor that is classi ed by one of three supervised models: 2D CNN
(ResNet-style), 3D CNN, or ViT.

Input representations. LetJ = 17 joints and T = 32 frames. We use two layouts:
(i) a \skeleton image" [1;T;2J] = [1; 32; 34] for the 2D CNN and ViT (time
concatenated (x;y) joints), and (ii) a 3D tensor [2;J;T] =[2;17; 32] for the 3D
CNN (channels x;y).

Model families. The 2D CNN uses residual blocks [17] to model temporal pat-
terns in the skeleton image. The 3D CNN applies 3D convolutions across (x=y),
joints, and time to learn short-range spatiotemporal dynamics. The ViT uses

patch embeddings and multi-head self-attention [10] on the skeleton image to
capture longer-range dependencies. All skeleton methods output per-window
probabilities and use the same video-level aggregation.

3.6 System Overview

Figures 2{4 summarise the end-to-end pipelines evaluated in this study. All
approaches share the same temporal segmentation and decision logic (Sec. 3.1):
videos are processed in overlapping 32-frame windows and aggregated to a video-
level decision by majority vote. The pipelines dier in the representation and
where learning occurs. The VLM pipelines operate directly on RGB frames: the
zero-shot variant scores windows via prompt contrast (Eqg. (8)), whereas the few-
shot variant replaces prompt contrast with a lightweight linear classi er trained

on frozen CLIP embeddings. In contrast, skeleton-based methods rst extract
COCO-17 keypoints using YOLOv11-pose and then classify normalised skeleton
windows with supervised temporal models. To make these di erences visually
explicit, the diagrams use colour-coding: RGB/video processing, VLM/CLIP
blocks, pose/skeleton processing, and decision/aggregation.

3.7 Algorithms

Algorithms 1 and 2 summarise the zero-shot prompt-contrast scoring and the
few-shot linear-probe training procedure.
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Windowing
T=32, 50% overlap
Frame sampling CLIP text encoder
K frames (198 prompts)
CLIP vi- Prompt contrast Window score Video decision
sion encoder Eq. (8) Pw majority vote

Fig. 2. Zero-shot VLM pipeline: windows are extracted and sampled from the input
video, scored via CLIP prompt contrast and aggregated to a video-level decision.

Labelled train-
ing videos

Frozen CLIP Train linear probe

T
T A e e
Fig. 3. Few-shot VLM adaptation: CLIP embeddings are extracted with a frozen back-

bone, and only a lightweight linear classi er is trained on these embeddings; predictions
are then aggregated to a video-level decision under the shared windowing protocol.

4 Experimental Setup

This section speci es the data sources, sampling and split procedure, and evalu-
ation protocol used to compare all methods under identical conditions. Training
is performed only for supervised skeleton baselines and the few-shot linear probe;
the zero-shot VLM and the rule-based heuristic require no task-speci c training.

4.1 Datasets

We evaluate binary fall vs. non-fall recognition using two video sources (Table 4).
Falls are taken from the FallVision benchmark video dataset [24]; we use single-
person fall videos and exclude multi-person recordings to avoid confounding from
crowd occlusion and multi-target tracking. Non-falls are sampled from the KTH

human action dataset [25]; all six KTH actions are treated as the negative class.

4.2 Sampling, Splits, and Shared Test Set

All methods are evaluated on the same xed test list to ensure a fair comparison.
We apply an 80/20 strati ed split per class (fall and non-fall separately), then
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[ Normalise 2D CNN /3D Window score ]
T=32, 50% overlap ooy majority vote

keypoints)

Fig. 4. Skeleton-based pipeline: COCO-17 keypoints are extracted per frame
(YOLOv11-pose) and normalised before supervised window classi cation (2D CNN/3D
CNN/VIT) and video-level aggregation.

Algorithm 1 Zero-shot VLM fall probability for one window

Require: Window frames F, CLIP encoders f img;fiext , prompt sets P*;P , cached
text embeddings fu j g, temperature T, number of sampled frames k

1: Sample k frames fl;g&; from F (uniform or middle-frame)

2: vi normalize(f img (Ii)) fori=1:k

3si vy . uj =normalize(f wx (tj)) cached once per run
et 1 P k 1 P

4:s K = Py jep + Si
. 1 k 1 P

Ss kK =t By jer  Si

6: s s

7. returnp s (ST ¢)

combine the two test subsets to form a balanced test set. For the main results,
we sample numsamples=100 videos per class with seed 42 and apply the 80/20
split, yielding a test set of 40 videos (20 fall, 20 non-fall).

4.3 Evaluation Protocol, Training and Implementation Details

Windowing and video-level aggregation follow the common protocol de ned in
Sec. 3.1 (32-frame windows, 50% overlap, majority-vote aggregation).

Zero-shot VLM (no training). We use CLIP ViT-B/32 [23] with a balanced
prompt bank of 198 prompts (99 fall, 99 non-fall) designed to cover both fall
descriptions and realistic non-fall confounders, and a contrastive temperature
Te = 0:1 (Eq. (8)). We later analyse how prompt formulation in uences zero-
shot behaviour and error modes (Sec. 5.2).

Few-shot VLM (linear probe only). The CLIP backbone remains frozen. We
train only a linear classi er (512!1) on CLIP window embeddings using binary
cross-entropy. The linear probe is trained on 16 labelled videos (8 fall, 8 non-
fall) randomly sampled from the full available pools (single-person falls from
FallVision [24] and non-falls from KTH [25]), independent of the evaluation
split. Training samples are generated at the window level using the shared 32-
frame/50% overlap protocol (Sec. 3.1); we enforce class balance by sampling an
equal number of fall and non-fall windows per epoch. Optimisation uses Adam
(Ir 0.001, wd 0.0001), batch size 8, for 50 epochs.
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Algorithm 2 Few-shot VLM training (linear probe on frozen CLIP)

Require: Labelled videos f(Vn;yn)g, frozen CLIP encoder fing , epochs E, optimiser Opt

1: Initialise linear weights (w; b)

2: for epoch = 1::E do

3: for mini-batch B of labelled windows do

4: Sample k frame(s) per window and compute pooled embedding z 2 R5*?
(mean of normalised CLIP frame embeddings)

5: Y W “zn+bh)

6: L BCE(® n;Yn)

7 Update (w; b) using Opt; keep f ing frozen
8: end for

9: end for

10: return trained (w; b)

Table 4. Datasets used in this study and their role in the binary classi cation task.

Dataset Role Content

FallVision [24] Fall (positive) Single-person fall videos (positive class).

KTH [25] Non-fall (negative) Boxing, handclapping, handwaving, jog-
ging, running, walking (all mapped to non-
fall).

Skeleton-based supervised baselines. For supervised baselines, we extract COCO-
17 keypoints per frame using Ultralytics YOLOv11-pose [31]. We form 32-frame
windows and normalise keypoints (centring and scaling) before classi cation.
The 2D CNN (ResNet-style) and ViT operate on a reshaped skeleton \image"

of size [1;32;34] (time 2D joints), while the 3D CNN operates on [2;17; 32].
Skeleton baselines are trained on the training split using Adam (Ir 0.001), batch
size 8, for 50 epochs.

Rule-based heuristic (no training). The heuristic uses the pose-derived bounding
box and ags a fall based on a xed aspect-ratio criterion consistent with a
transition to a near-horizontal posture. The same windowing and majority-vote
aggregation are applied.

4.4 Metrics

We report video-level accuracy, precision, recall, and F1 on the shared balanced
test set. For skeleton-based and rule-based methods, timing includes YOLOv11-
pose extraction; for VLM methods, timing re ects direct RGB processing with
cached text embeddings. Table 5 summarises the key evaluation parameters.

5 Results

This section reports quantitative and qualitative results on the shared balanced
test set described in Sec. 4. We rst compare video-level performance across all
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Table 5. Key evaluation and training settings.

Setting Value

Windowing / overlap 32 frames, 50% overlap (stride 16)

Test set (shared across all methods) 40 videos (20 fall, 20 non-fall);

Zero-shot VLM training None (data-free prompting)

Zero-shot prompts / temperature 198 prompts (99 fall + 99 non-fall); T . =0:1
Zero-shot timing con guration Cached text embeddings; k = 1 middle frame
Few-shot VLM training data 16 labelled videos (8 fall, 8 non-fall)

Few-shot optimiser / schedule Adam Ir 0.001, wd 0.0001, batch 8, 50 epochs
Skeleton baselines training data Training split (supervised training; 2 classes)
Skeleton pose extractor YOLOv11-pose (COCO-17 keypoints) [31]

Table 6. Balanced test set performance (40 videos: 20 fall, 20 non-fall).

Method Accuracy Precision Recall F1

Few-shot VLM 100.0% 1.00 1.00 1.00
Zero-shot VLM 92.5% 0.87 1.00 0.93
2D CNN (ResNet) 97.5% 1.00 0.95 0.97
3D CNN (Simple) 100.0% 1.00 1.00 1.00
VIT (skeleton) 100.0% 1.00 1.00 1.00
Rule-based heuristic 70.0% 1.00 0.40 0.57

methods, then analyse error pro les using confusion counts, and nally provide
prompt-level visualisations to interpret zero-shot VLM decisions.

5.1 Balanced Test Set Results (40 videos)

Table 6 reports video-level metrics on the balanced test set (20 fall, 20 non-fall).
Table 7 summarises the corresponding confusion counts. Zero-shot VLM shows
a conservative pro le on this test set (FN=0) but produces three false alarms
on non-fall clips (FP=3), whereas the 2D CNN misses one fall (FN=1).

5.2 Qualitative Analysis of Zero-Shot Prompt Evidence

To complement aggregate metrics, we visualise the evidence produced by the
zero-shot prompt-contrast mechanism. For each sampled frame, we log (i) the
mean similarity to the fall and non-fall prompt sets together with the top-5
most similar prompts, and (ii) the full similarity matrices between frames and
all prompts (99 fall prompts and 99 non-fall prompts). These diagnostics high-
light cases where frame-level prompt competition is ambiguous and clarify why
aggregation over windows/videos (Sec. 3.1) improves stability.

Figure 5 shows a non-fall (walking) clip. Some frames yield fall-leaning prompt
matches despite the activity being benign, illustrating a mechanism for false
alarms if decisions were made purely per frame. Figure 6 shows a fall clip, where
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Table 7. Confusion matrices on the balanced test set (40 videos: 20 fall, 20 non-fall).

Method TP TN FP FN
Few-shot VLM 20 20 0 O
Zero-shot VLM 20 17 3 O
2D CNN (ResNet) 19 20 0 1
3D CNN (Simple) 20 20 0 O
VIT (skeleton) 20 20 0 O
Rule-based heuristic 8 20 0 12

fall-related prompts become consistently competitive as the subject transitions
from upright to near-horizontal posture, supporting a stable fall decision.

6 Discussion

This study examines whether a large pretrained vision{language model can sup-
port a safety-critical perception task under minimal supervision. Unlike conven-
tional supervised pipelines, CLIP-based inference is driven by natural-language
prompts and similarity scoring, which introduces an element of prompt sensi-
tivity and non-determinism in the sense that small changes in wording, cali-
bration, or sampling can a ect decisions. Nevertheless, the results indicate that
pretrained VLMs provide a viable alternative to fully supervised fall detection
pipelines when deployment constraints limit labelled data collection.

On the balanced 40-video test set, the zero-shot CLIP prompt-contrast ap-
proach achieves 92.5% accuracy while detecting all falls (recall 1.00) and making
three false alarms on non-fall clips. This error pro le is consistent with the qual-
itative prompt evidence: frame-level similarities to fall and non-fall prompt sets
can be close for certain non-fall motions and postures, and small di erences in
prompt competition can ip individual window decisions. In assistive technology
and human{robot interaction (HRI), this is a meaningful nding: collecting real
fall data, particularly from older adults, is di cult and ethically constrained, yet
prompt-based transfer provides a practical way to bootstrap a detector without
fall-speci c training data. In a robot-assisted care setting, false alarms can also
be handled through a veri cation layer: a social robot can treat detection as a
trigger to approach the user, perform a brief check-in, and escalate only if the
response or subsequent observations indicate risk.

A small amount of task-speci ¢ calibration improves reliability. Training only
a linear probe on frozen CLIP embeddings achieves 100% accuracy on the same
test set. This supports the practical value of minimal-learning approaches: the
representation remains general-purpose, while a lightweight classi er adapts de-
cision boundaries to the deployment domain without backbone ne-tuning. It can
also simplify operating-point selection because the classi er is trained directly
for the fall/non-fall decision rather than relying on prompt-contrast scaling.

Compared with skeleton-based baselines, VLMs shift the cost pro le rather
than eliminating trade-o s. Skeleton models reach 97.5{100% accuracy but incur
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Fig. 5. Zero-shot prompt diagnostics for a non-fall example. Top: sampled frames with
per-frame fall/non-fall similarity and top-5 prompts. Bottom: frame prompt similarity
matrices for fall prompts (top) and non-fall prompts (bottom).

pose-extraction overhead and are sensitive to failures under occlusion or non-
standard viewpoints. VLMs avoid pose estimation and are attractive for mobile
robots with variable camera geometry, but operate on RGB imagery and may
raise privacy concerns unless combined with mitigation strategies (e.g., on-device
processing, restricted retention, or privacy-preserving representations).
Relative to the closest CLIP-based fall-detection direction (YOLO{CLIP fu-

sion) [4], our results isolate the contribution of prompt-based reasoning and min-
imal calibration under a shared evaluation protocol. The ndings suggest that
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