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Abstract
This paper introduces a pose-based pipeline designed to support scalable annotation of headshakes in sign language
corpora. Motivated by the scarcity of annotated datasets and the need for quantitative typological research, the study
evaluates whether automated detection can reduce human annotation effort. The system operates on yaw trajectories
extracted with MediaPipe Holistic and uses sliding-window segmentation with neural sequence models (LSTM/CNN)
to surface candidate segments for review. Training and evaluation are conducted on a subset of the German Sign
Language (DGS) Corpus annotated to target grammatical headshakes functioning as negation rather than for every
instance of headshakes. On the DGS dataset the best performing LSTM model achieves an F2-score of 0.45, recall
of 0.63. Despite the narrow annotation scope, the pipeline reduces search space: annotators need review only 13%
of frames to recover 87% of labeled instances. Error analysis indicates that many false positives correspond to
plausible head movements excluded by the annotation criteria. A pilot transfer to Swedish Sign Language shows
reduced effectiveness without adaptation, underscoring the need for alignment in cross-lingual transfer scenarios.

Keywords: sign language, non-manual signs, non-manual sign detection, computational sign language,
pose estimation, sign language resources

1. Introduction

Elements that convey linguistic meaning in sign lan-
guages without involving the hands are collectively
known as nonmanual markers (Pfau and Quer,
2010). These markers can function either affec-
tively (e.g. to express surprise, backchanneling)
or grammatically (e.g. as an obligatory negation
marker).

With respect to headshakes, Pfau (2015) argues
that their grammaticalization as a negation marker
originates from their use in spoken language as
co-speech gestures expressing negation. Building
on cross-linguistic variation, sign languages have
been typologically divided into those that are man-
ually dominant and those that are non-manually
dominant for headshakes as a negation marker (Ze-
shan, 2004). Pfau (2015) adopts this distinction in
his discussion. However, Johnston (2018) cautions
against adopting this manual versus non-manual
negation typology, based on the limited quantitative
coverage of sign languages to test such typological
claims.

Recent work in spoken language typology pro-
poses treating features as gradient rather than
binary, modeling them as continuous properties
(Kann, 2025; Levshina et al., 2023). In the case of
headshakes, this would entail examining the distri-
bution of their grammatical use relative to their over-
all frequency in interaction, yielding a continuous
value rather than a binary typological classification.
The latter includes a range of discourse and in-
teractional functions (e.g. backchanneling, empha-
sis, and other pragmatic uses). Investigating this
degree of variation quantitatively requires corpus-

based studies. Similar gradient-like approaches
have been explored in sign language research, for
example in corpus-based work on Turkish Sign Lan-
guage (Makaroğlu, 2021).

Annotated data is scarce, in general, for many
sign languages (De Sisto et al., 2022). Public
datasets annotated for all instances of headshakes
do not, to our knowledge, yet exist for any sign lan-
guage. In this study, we investigate whether pose-
based models can detect headshakes with suffi-
cient recall to assist human annotation for sign lan-
guage, with the goal of aiding broader data-driven
typological investigations.

We frame headshake detection as an annotation-
support task rather than a pure classification prob-
lem. To evaluate this approach we use German
Sign Language (DGS) data annotated for head-
shakes used as negation. We compare a simple
zero-crossing baseline with two neural architec-
tures: a bidirectional LSTM and a 1D CNN. Both
models operate on yaw trajectories extracted us-
ing MediaPipe Holistic. Model performance is as-
sessed using both aggregate metrics and a tar-
geted error analysis to distinguish between failures
arising from representational limitations and those
attributable to annotation. Lastly, we perform a pilot
study on cross-lingustic transfer. We annotate 50
minutes of Swedish Sign Language data and eval-
uate the models trained for DGS without additional
training.

Our contributions are:

• A practical evaluation framework for non-
manual annotation support. We introduce
an annotation-centric evaluation based on re-
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view rate (the fraction of frames requiring hu-
man inspection) and demonstrate how recall
trades off against annotation workload.

• A pose-based pipeline for headshake can-
didate surfacing. Using yaw and its tempo-
ral derivatives extracted with MediaPipe Holis-
tic, we compare a zero-crossing baseline to
BiLSTM and 1D CNN models, establishing
performance bounds on DGS headshake-as-
negation labels.

• Analysis of failure modes under label scope
and domain shift. Confidence-stratified man-
ual inspection reveals systematic discrepan-
cies between model predictions and annota-
tion targets, and a zero-adaptation pilot trans-
fer to Swedish Sign Language shows degra-
dation without calibration.

2. Background

Human pose estimation models identify human
body parts and build representations such as body
or hand skeletons, or facial mesh, from images
or videos (Zheng et al., 2023). Because sign lan-
guages rely on coordinated facial, manual, and bod-
ily movements, these models offer a way around
the dimensionality challenges of raw video. They
reduce the input from a time series of pixel ma-
trices to a time series of keypoints corresponding
to specific body parts (e.g. left pinky knuckle, left
elbow). Pose estimation models have been used
extensively in sign language research. For exam-
ple, they have been applied to automatically iden-
tify whether someone is signing (Moryossef et al.,
2020) and to recognize fingerspelling in ASL (Shin
et al., 2021).

The number of keypoints depends on the model.
Some pose estimation models have less granular-
ity, like BlazePose (Bazarevsky et al., 2020) which
produces 33 body keypoints in total, in order to fo-
cus on speed. Others have many more. MediaPipe
Holistic (Lugaresi et al., 2019), comparatively, can
detect up to 468 keypoints just for the face.

Computational studies of headshakes within sign
language have mostly focused on their phonet-
ics and distribution. Chizhikova and Kimmelman
(2022) studied the phonetics of headshakes in Rus-
sian Sign Language utilizing OpenFace (Baltru-
saitis et al., 2018), showing that negative head-
shakes are optional and relatively rare in Russian
Sign Language, appearing in under 30% of nega-
tive sentences, and typically consist of one or two
small, fast head turns closely aligned with manual
negation signs. Kimmelman et al. (2024) also used
OpenFace for the Sign Language of the Nether-
lands, to analyze whether linguistic properties of

headshake influence its phonetic form. These stud-
ies demonstrate the feasibility of pose-based pho-
netic analysis but still rely on manual annotation.

The closest related work is Rijbroek (2023), who
evaluated automatic headshake detection for the
Sign Language of the Netherlands utilizing Open-
Pose (Cao et al., 2017), achieving the best results
using a Hidden Markov Model (F1-score of 0.19,
precision of 0.12 and recall of 0.54).

3. Data

For training, we base our work on a subset of the
DGS Corpus (Konrad et al., 2020), a publicly avail-
able collection of German Sign Language record-
ings from 330 signers. The released videos are
provided at 360p resolution and 50 FPS. Head-
shake annotations were provided by Kimmelman
et al. (in preparation) and target grammatical head-
shake usage in negative clauses rather than all
headshakes. Consequently, the labels reflect a
narrower linguistic definition than the detection ob-
jective used in this study. To better understand the
impact of this label mismatch, we conduct an error
analysis on model predictions (Section 4.4) to iden-
tify systematic inference patterns and assess how
annotation discrepancies influences performance.

Data were split at the file level prior to window-
ing into 72% training, 8% development, and 20%
testing sets to ensure that windows from the same
recording appeared in only one partition, thereby
minimizing temporal leakage from overlapping win-
dows. While a small number of signers contributed
multiple recordings, these instances were rare,
limiting potential overfitting to signer-specific mo-
tion patterns. Because the split was not strictly
signer-independent, residual signer effects cannot
be ruled out. File-level splitting resulted in a small
shift in the global headshake-to-non-headshake ra-
tio (±0.003). The median headshake duration is
0.8 seconds.

To assess performance in transfer scenarios, ap-
proximately 50 minutes of video from the Swedish
Sign Language Corpus (SSLC) (Öqvist et al., 2020)
were manually annotated for headshake events.
The annotation was carried out by a single annota-
tor with prior experience working with the corpus.
Headshakes were identified based on visible lateral
head movements in a frontal view, with a practical
threshold of approximately ±10 degrees from neu-
tral position. Headshake duration was measured
from one side of the movement to the other, exclud-
ing the lead-in and settling phases. The annotated
headshakes have a median duration of 0.4 sec-
onds.

See Table 1 for the full data rundown.
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Files Total HS non-HS HS/Total
all 86 2883202 37543 2845659 0.0130
train 61 2030449 26490 2003959 0.0130
dev 7 297304 4915 292389 0.0165
test 18 555449 6138 549311 0.0111
sslc 10 82211 2841 79370 0.0345

Table 1: File/frame statistics of each split and head-
shake frames (HS) and non-headshake frames
(non-HS), including the domain separate annotated
SSLC test-set.

4. Methodology

We base our methodology on the pipeline of Pouw
(2025), who performed end-to-end multi-gesture
detection using a sliding window approach. The
approach involves using Mediapipe Holistic (Lu-
garesi et al., 2019) to extract face, body, and hand
kinematic features from video, normalizing the key-
points, and trains a Convolutional Neural Network
(CNN) on labeled clips for multigesture detection.
Most relevant to headshake detection is the fea-
tures related to deriving Euler angles using rotation
matrix decomposition formulas from the facial key-
points. There are three Euler angles:

• Pitch: Head tilting up/down (nodding)
• Yaw: Head turning left/right (shaking)
• Roll: Head tilting ear-to-shoulder

In practice, deriving Euler angles in this way gives
us an array with elements describing where the
head is pointing for each given frame where key-
points are found. See Figure 1 for an example,
where Euler angles are illustrated using a stick
pointing in the direction of the derived angles.

Figure 1: Example frame of video with face mask,
hand keypoint estimations, and derived Euler an-
gles from MediaPipe Holistic. Video still from the
Swedish Sign Language Corpus.

Since we’re doing headshake detection, we re-

duce dimensionality further, and only use the yaw
values because headshakes is primarily horizontal
rotation. Initially, we experimented using all three
Euler angles, with poor results, with pitch and roll
only adding noise. We also resample our video
arrays to 25FPS. This is partly to reduce dimension-
ality further, but primarily to give an idea of future
adaptability, given many sign language datasets
are recorded at lower speeds, such as 30 or 25FPS.
For example, the Swedish Sign Language Corpus
(Öqvist et al., 2020) is recorded in 25FPS.

For each video clip, we derive keypoints for ev-
ery frame. We use MediaPipe Holistic as the pose
estimation model for our work because, while it has
some limitations in estimating eyebrow movement
(Kuznetsova and Kimmelman, 2024), Sargano et al.
(2024) found it to be the most accurate among sev-
eral pose estimation models for yaw estimation. If
MediaPipe fails to find keypoints for a frame, then
we set it to the same value as the previous frame.
We do this instead of more advanced interpolation
simply because there are few missing frames, and
because it ensures a one-to-one mapping between
the yaw array and the frame index. Continuous
yaw sequences are segmented into sliding win-
dows with stride. Stride is the number of frames
you advance the start of each sliding window (e.g.,
with a window size of 75 and a stride of 5, windows
start every 5 frames, so they overlap by 70 frames).
Windows are normalized across clips. Each win-
dow ỹt is z-normalized using the clip’s yaw mean
µc and standard deviation σc:

ỹt =
yt − µc

σc + ϵ

Where ϵ is a small constant to avoid division by
zero.

4.1. Zero crossing baseline

As a simple baseline, we classify fixed-length yaw
windows using their zero-crossing count. The hy-
pothesis is that headshakes resemble a sinusoidal
waveform, and should periodically cross 0. Assum-
ing accurate pose estimation and a stable resting
head position, 0 should represent the person look-
ing straight ahead.

Given a windowed yaw signal y1:T , we define the
number of zero-crossings as

Z =

T∑
t=2

1[sign(yt) ̸= sign(yt−1)]

A window is labeled positive during tuning if it con-
tains at least one positive frame annotation. On
the development set, we compute Z for all positive
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windows and set a single decision threshold

k = round

 1

N+

N+∑
i=1

Zi


where N+ is the number of positive windows. At in-
ference time, a window is classified as a headshake
if Z ≥ k, and negative otherwise.

4.2. Neural pipeline
Because this is a single-gesture detection task, we
simplify the pipeline in Pouw (2025) and reduce it to
use three features: yaw angle, velocity (derivative
of the normalized yaw-array), acceleration (sec-
ond derivative of the normalized yaw-array). Our
training data then gets the shape (B,W, 3), with
B being our batch size, W our window size. In
addition these input vectors are augmented during
training, adding small random noise with a proba-
bility of 50% during training for each batch.

We test two types of neural models which we
implement in PyTorch(Paszke et al., 2019)1: (i)
a bidirectional LSTM with dropout of 0.2 or (ii) a
1D CNN with temporal convolutions. The LSTM
was chosen for its ability to model temporal de-
pendencies. It is also a suggestion for future re-
search by Rijbroek (2023), but is to our knowledge
still untested for headshake detection in sign lan-
guages. The CNN is kept as close to Pouw (2025)
as possible. Both models produce per-frame logits
for each window, and are trained with a weighted
focal loss to address the heavy class imbalance.

A targeted hyperparameter search was per-
formed. Using the LSTM as the target model, the
search identified learning rate and window size as
the dominant factors; other parameters had limited
effect. Therefore we focused our CNN search on
learning rate. This resulted in a learning rate of
1e-3 for the LSTM and 1e-4 for the CNN, and a
window size of 75 and stride of 5 frames. Other
parameters are kept identical between the CNN
and LSTM: AdamW optimizer with weight decay
set to 1e-5, FocalLoss with α=0.25;γ=2.0, and a
ReduceLROnPlateau with a patience of 2 and re-
duction of 0.5.

We train both models for a maximum of ten
epochs, while evaluating against the dev-set three
times per epoch. The best checkpoint in regards to
F2 against the dev-set is used for the final evalua-
tion against the test-set. Best checkpoint occurred
at the third epoch for the LSTM, and fifth for the
CNN.

Overlapping windows results in multiple predic-
tions per frame (except a few in the beginning and

1We tested utilizing a Hidden Markov Model similar to
Rijbroek (2023), but it was rejected since it was difficult
to make it work consistently with PyTorch.

at the end of a clip). Therefore, we need a tem-
poral aggregation step for inference. We evalu-
ate two strategies during training: mean pooling
(mean probability across covering windows for a
given frame), and max pooling (maximum probabil-
ity across covering windows for a given frame).

4.3. Evaluation Metrics

We evaluate using precision, recall, F1-scores, and
F2-scores. In annotation-support settings, false
positives impose a small verification cost, whereas
false negatives require full video inspection. There-
fore, high recall with moderate precision can still
produce efficiency gains. F2-scores reflect this aim,
which weighs the score towards recall. During train-
ing we set the classification threshold on the dev-
set.

Let precision P and recall R be defined as

P =
TP

TP + FP
R =

TP

TP + FN

where TP , FP , andFN denote true positives, false
positives, and false negatives. The Fβ score is
given by

Fβ = (1 + β2)
PR

β2P +R

We use β = 2, yielding

F2 = 5
PR

4P +R

4.4. Error Analysis

We conduct error analysis to assess whether clas-
sification performance was driven by discrepancies
between model goals and annotation goals, as well
as uncover potential inference patterns. Predic-
tions were categorized by model confidence (high
vs. low) and correctness (correct vs. incorrect).

Using the best-performing model, we extract 25
representative prediction windows from each cate-
gory of prediction. For example, for the high con-
fidence false positives we sort our false positives
and take top k of the predictions by confidence
level. We first turn our frame-level ground truth an-
notations into window-level and sort out windows
where headshakes occur <50% of the frames in
the window size, in order to avoid windows without
much movement information. Otherwise we would
have windows where, for example, the last two
frames are headshakes. Such windows wouldn’t be
meaningful to humans. To derive the window-level
predictions we use the same frame-level threshold
set during training on the dev-set. These filtered
window predictions are inspected manually for pat-
terns.
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4.5. Annotation Burden Analysis

To evaluate the feasibility of using the models for
annotation work, we calculate the relationship be-
tween how many frames the annotator has to go
through, compared to the headshakes correctly
identified.

For each model we go through each window in
the test-set and convert window predictions to per-
frame probabilities by mean aggregation, taking
the mean probability among all windows covering
a frame. We then sweep classification thresholds
from 0.0 to 1.0, converting probabilities into pre-
dicted frames. Finally, we add a dilation of 10
frames before and after predicted ranges to ac-
count for context frames that would be added during
manual annotation.

Let Fpred be the number of predicted headshake
frames after dilation, and F the total set of frames.
We then calculate Review Rate (RR) and compare
with recall:

RR =
|Fpred|
|F |

For each model we calculate the best weigh-off
point as

i∗ = argmax
i

(Ri −RRi)

Where Ri is recall and RRi is review rate at
threshold i.

4.6. Domain Transfer

Finally, we investigate the effect of transferring the
best-performing model to another sign language
without additional training. We evaluate the anno-
tated SSLC clips described in Section 3 in the same
way as for the DGS data, using the models trained
for the DGS data. The short length of headshakes
in our small SSLC dataset makes a window analy-
sis approach, as in Section 4.4, unfeasible. Instead,
we present plots for all frames which aren’t true neg-
atives alongside their respective confidence scores
in two randomly chosen clips.

5. Results

Neural approaches outperformed the baseline for
headshake detection in DGS, which achieved very
low precision despite moderate recall, resulting in
poor overall F -scores. Among the tested architec-
tures, LSTM-based models produced the strongest
results, with the mean-pooled variant achieving the
highest precision (0.21), recall (0.63), and F2 score
(0.45), while tying for the best F1 score (0.31) with
the max-pooled LSTM. CNN models showed com-
petitive but lower performance, particularly in recall.
See Table 2 for full metrics result table.

P R F1 F2

Baseline 0.02 0.59 0.04 0.08
LSTMmax 0.20 0.61 0.31 0.43
CNNmax 0.16 0.53 0.24 0.36
LSTMmean 0.21 0.63 0.31 0.45
CNNmean 0.19 0.50 0.27 0.37

Table 2: Precision, recall, F1, and F2 for each
model and pooling strategy on the DGS data.
Threshold set at 0.9, calculated on dev-set.

5.1. Error Analysis
Figure 2 shows example yaw-angle trajectories for
the four confidence/outcome categories. For the
25 most representative windows of each category,
we generally observe:

• High-confidence true positives: Clear pe-
riodic waveforms with consistent oscillation
between negative and positive yaw angles,
matching expected headshake motion across
all inspected windows.

• High-confidence false positives: Visually
plausible headshakes, though the motion is
not always centered around a neutral (zero)
yaw position.

• Low-confidence false negatives: Two dis-
tinct patterns emerge in the 25 least confident
windows for false negatives:

1. Subtle, high-frequency low-amplitude mo-
tion. If you inspect the yaw-array (see
Figure 2c) it appears this subtle nature is
reflected in the array as well.

2. High deviation from resting position. For
example, one instance was observed
where the subject had turned just before
initiating the headshake. This made the
window start highly off-center, even if the
pattern was consistent with a headshake.

• Low-confidence true negatives: No consis-
tent motion pattern, though they all contain mo-
tion. For example, a person with head move-
ment in virtue of swaying left and right with the
body.

5.2. Annotation Burden
The LSTM and CNN perform similarly when it
comes to annotation burden metrics, requiring 13%
review rate to achieve 87% recall, and 17% review
rate to achieve 89% recall respectively. They both
outperform the baseline, which has the best trade-
off at a review rate of 36% to achieve 53% coverage.

The full plot is available in Figure 3.
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Figure 2: Yaw angle trajectories for representative windows across prediction outcomes. .
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Figure 3: Proportion of required frame review rate
of the test-set compared to headshake frame recall,
utilizing mean inference pooling across frames.

5.3. Domain Transfer

The results get worse across all models except the
baseline when testing on SSLC data. The baseline
gets a recall of 0.77 and precision of 0.05, higher
on both than for DGS. While the LSTMmean per-
formed best for DGS, it here achieves very poor re-
call (0.05), though with high precision (0.36). Both
neural models with max pooling perform best for
F2-scores.

We see this performance difference reflected in
Figure 4, where many frames annotated as head-
shakes exhibit low confidence. This trend is further
illustrated in the annotation burden plot for SSLC
(Figure 5), which shows a less steep improvement
as thresholds become more generous compared
to DGS.

P R F1 F2

Baseline 0.05 0.77 0.09 0.18
LSTMmax 0.18 0.22 0.20 0.21
CNNmax 0.11 0.26 0.16 0.21
LSTMmean 0.36 0.05 0.09 0.06
CNNmean 0.14 0.11 0.12 0.11

Table 3: Precision, recall, F1, and F2 for each
model and pooling strategy on the SSLC data.

6. Discussion

Across models for the DGS data, results indicate
that headshake detection is achievable with mod-
erate recall but limited precision, suggesting that
current pose-based approaches are better suited
for assisting human annotation than for fully auto-
mated labeling. The most confident false positives
during our error analysis correspond to genuine
headshakes, in this case pointing to a mismatch
between annotation targets (headshakes used as
grammatical negation) and what our aim is (general
headshake detection). This suggests the metrics
above could potentially under-represent the models’
true performance for general headshake detection,
at least for DGS.

Even so, annotation-support systems do not re-
quire near-perfect classification performance to be
valuable; their utility derives from reliably narrowing
the search space for human annotators. The mod-
els appear capable of accelerating annotation for
headshakes used as negation: the LSTM model
requires annotators to review only 13% of the to-
tal frames to achieve 87% headshake coverage in
DGS. However, this is not consistent with the small
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Figure 4: Event-only visualization of frame-level
predictions for two SSLC clips using mean proba-
bilities. For each clip, the upper panel shows con-
tiguous segments of frames where the ground truth
is positive but the prediction is negative (gt), the pre-
diction exceeds the threshold but the ground truth
is negative (pred ≥ thr), and frames where predic-
tion and ground truth overlap (overlap). The lower
panel shows the corresponding frame-level confi-
dence scores for the same displayed frames, with
the decision threshold indicated by the dashed hor-
izontal line. True negatives are omitted; therefore,
the x-axis is labeled “event frame” and represents
only frames for which either the prediction or the
ground-truth label is positive. The title above each
plot reports clip-level precision, recall, F2 score,
and the total number of frames in the full clip.

transfer scenario we tested, where performance
dropped, and therefore also the proposed annota-
tion benefit. While both neural models still were
more annotation efficient than the baseline, the gap
between them narrowed. This might be because
of several factors. Firstly, the length of the median
headshake is vastly different from our two datasets.
In DGS it is 0.8s, 0.4s for SSLC, which could be
cross-lingual difference, or just as likely being due
to the difference in annotation goals (i.e. having a
different definition of a headshake). In a similar line
of thought, it could be that the neural models overfit
to other aspects of headshakes used as negation
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Figure 5: Proportion of required frame review rate
of the SSLC data compared to headshake frame re-
call, utilizing mean inference pooling across frames.

in DGS; such as the amplitude and frequency, for
example. One possibility is that headshakes asso-
ciated with negation in DGS exhibit distinct phono-
logical patterns that are distinct from headshakes
more broadly. If so, the models may be capturing
these phonological features rather than learning
more generalizable representations. Should this
interpretation hold, the most direct remedy would
be the collection of additional, more diverse training
data.

Insufficient tuning to the new domain could also
be an explanation for the poor transfer performance.
We tested against the best classification threshold
from training (0.9). But we see in Figure 4 that
many of the ground truth headshake frames would
have been captured with a lower threshold. In fact,
if we set the threshold to 0.5 we effectively “flip” the
precision and recall, and get a precision of 0.11
and recall of 0.36 for the mean-pooled LSTM in the
transfer scenario. While we can’t tune the threshold
like this automatically in a transfer scenario (since
we would have no ground truth to tune it to), it does
show the effect a little bit of human intervention can
have on this task.

Also, a more detailed hyperparameter search
could improve performance further; for example
utilizing a more complex model design, attention,
more layers. We used a simple feature set. In-
cluding more hand-crafted features, e.g. from the
frequency domain (like Fast Fourier Transform),
could be a better fit for modeling headshakes.

The results hint at several future research paths.
Firstly, given that the high-confidence false posi-
tives predictions contained headshakes, introduc-
ing a human in the loop to manually re-label or
enhance the DGS dataset for general headshakes
seems feasible. A human in the loop could also al-
leviate the major performance drop seen during our
testing of cross-lingual transfer. We could consider
an active learning approach to maximize annotation
efficiency and increase dataset size: querying the
model for least confident negative/positive predic-
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tions and manually labeling them. In other annota-
tion workflows, this can drastically lower annotation
time (Tharwat and Schenck, 2023).

7. Conclusion

This study demonstrates that pose-based models
can support the automatic detection of grammatical
headshakes in German Sign Language, with neural
architectures outperforming a simple baseline and
reducing annotation effort. While precision remains
limited, error analysis shows that many predicted
instances were consistent with headshake move-
ments. The models narrow the search space for hu-
man annotators, showing their practical application
for corpus construction and typological research.
However, the sharp decline in cross-linguistic trans-
fer underscores the sensitivity of such systems,
suggesting that adaptation or human-in-the-loop
strategies will be necessary for broader applicabil-
ity in cross-lingual studies. Overall, the findings
point to the promise of pose-driven pipelines as
scalable tools for investigating headshakes in sign
languages.

Limitations

Several limitations constrain the generalizability of
these findings. First, the models rely solely on yaw-
based features, potentially overlooking multimodal
cues such as facial expressions or body movement
that contribute to headshake interpretation. Sec-
ond, annotations in the DGS corpus target gram-
matical negation rather than general headshakes,
creating a label mismatch that complicates evalua-
tion and may underestimate true performance. The
dataset split is not fully signer-independent, leaving
residual risk of overfitting to individual motion pat-
terns. Cross-linguistic transfer results are based on
a small Swedish dataset with differing headshake
durations and definitions, limiting strong conclu-
sions about generalization. Additionally, the mod-
els require threshold tuning and hyperparameter
exploration that were only partially optimized.
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