Check for
Updates

Preprocessing MediaPipe Joint Annotation for Sign Language
Similarity Analysis

Kehina Manseri Sam Bigeard Slim Ouni
Université de Lorraine, CNRS, Inria, Université de Lorraine, CNRS, Inria, Université de Lorraine, CNRS, Inria,
LORIA LORIA LORIA
F-54000 Nancy, France F-54000 Nancy, France F-54000 Nancy, France
kehina.manseri@inria.fr esbigeard@gmail.com Slim.Ouni@loria.fr

Abstract

This paper introduces a preprocessing pipeline for keypoints ex-
tracted using MediaPipe, aiming to improve pose annotation con-
sistency in sign language datasets. We evaluate its effectiveness
using a sign similarity task based on phonological features, without
relying on gloss annotations. Similarity is measured using Dynamic
Time Warping (DTW) across videos from sign language dictionar-
ies. Although such similarity analyses can support various sign
language processing applications - such as lexical search, cluster-
ing, and data enrichment - the main contribution of this work is to
standardise pose features across heterogeneous sources, including
different signers and backgrounds. Experiments on two dictionary
datasets show that our pipeline significantly improves similarity
measurements, with promising benefits for other sign language
processing tasks.
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1 Introduction

Sign Language (SL) processing faces a persistent challenge: the
scarcity of large, high-quality annotated datasets [7, 15]. This limi-
tation hampers the generalisation capabilities of models, especially
when confronted with variation across signers, body types, signing
styles and recording conditions [17]. As a result, careful preprocess-
ing is crucial to diversify the possible uses of the available data and
to reduce linguistically irrelevant variability.

Sign identification - the task of matching a given sign video to a
reference entry in a database - is commonly approached through
supervised learning, using annotated datasets where glosses or sub-
titles guide representation learning across multiple examples [1].
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These annotated instances often feature consistent labels but differ
in signer identity, camera viewpoint, or sentence context. In con-
trast, our work focuses on sign identification within SL dictionaries,
where such annotations are either minimal or unavailable.

We use the Multilingual Sign Language WordNet [25], a meta-
dataset of several European SL dictionaries [3, 6, 8, 9, 19, 28] Our
objective is to identify phonetically identical signs across languages,
independent of their meaning. This excludes the use of glosses,
keywords, or any metadata that could help identify the sign in
any way. Consequently, supervised learning techniques are not
applicable, and we instead emphasise preprocessing to standardise
visual input.

To guide and validate our approach, we use dimensionality re-

duction and 2D visualisation techniques [18]. These tools allow us
to observe the structure of the feature space and evaluate whether
phonetically similar signs cluster more coherently as preprocess-
ing is refined. This qualitative feedback is very useful in revealing
dataset biases and inconsistencies that affect identification perfor-
mance.
Our contributions are threefold. First, we demonstrate the role of
2D visualisations for diagnosing and refining SL data preprocess-
ing pipelines. Second, we propose a preprocessing strategy that
standardises keypoint-based pose representations with the aim to
enable signer- and context-independent sign comparison, without
requiring annotated training data or language-specific adaptation.
Finally, we evaluate our pipeline on a sign similarity task across two
SL dictionaries, using Dynamic Time Warping (DTW) [21] over 2D
keypoints extracted by MediaPipe [16], a lightweight framework for
real-time pose estimation. Each experiment uses 50 keypoints per
frame, including 8 upper-body joints (nose, neck, shoulders, elbows,
wrists) and 21 landmarks per hand capturing detailed articulatory
features relevant to sign production.

2 Related Work

2.1 Features for sign language processing

In action recognition, two primary types of features are commonly
used: RGB-based features and pose estimation annotations [23].
RGB features capture information related to colour, texture, and
shape, while pose estimation models extract skeletal keypoints from
the body. Similar feature types are used in Sign Language Recogni-
tion (SLR), where hand keypoints have been shown to significantly
improve performance, as they encode essential information for SL
production [20, 26]. Moreover, pose-based representations are gen-
erally easier to normalise and transfer across signers, making them
particularly well-suited for unsupervised or weakly supervised
settings.
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2.2 Limitations of pose estimation models

Despite their usefulness, pose estimation models are not without
limitations. MediaPipe [16] often produces noisy or inconsistent
keypoint annotations, especially for the hands, which are highly
articulated and subject to occlusion, motion blur, and low video
resolution [24, 27]. Studies have proposed correction techniques to
counter these issues, including temporal interpolation across frames
[24] and backpropagation-based refinement using limb proportions
and joint angle initialisation [27]. Although pose estimation models
are lighter than RGB-based approaches and are robust to variations
in background or lighting, they still preserve certain biases from the
input videos, such as signer-camera distance, framing, or individual
anatomy. Normalisation techniques are therefore widely used to
improve consistency. For instance, Fragkiadakis et al. [10] apply
anchor-based normalisation to adjust body proportions. They also
applied referential transformations to reduce camera-dependent
effects and emphasise internal configurations. Boha¢ek and Hruz [2]
proposed normalising hand keypoints relative to the wrist, rather
than to the full body, using bounding boxes. Their method improved
SLR accuracy by 14% demonstrating the impact of well-designed
normalisation strategies.

2.3 Dimensionality Reduction for Sign
Language

Previous studies have applied dimensionality reduction techniques
to visualise signs and enhance SLR performance. For instance, Gao
etal. [11] and Haque et al. [12] used Principal Component Analysis
(PCA) on RGB features extracted from images of finger-spelled
signs. PCA finds features within the data that contribute the most
to the overall variance of the sample. The data is then projected
onto the axes exhibiting the most variance, allowing for it to be
visualised in 2 or 3 dimensions.

In Fragkiadakis et al. [10], both PCA and UMAP [18] are em-
ployed to assess sign similarity based on keypoints extracted using
OpenPose [4]. Each video is represented as a flattened array, created
by concatenating the coordinates from each frame, which serves
as a row in the input matrix for dimensionality reduction. This
representation sidelines the temporal aspect of the videos, focus-
ing instead on global relationships within the sign. The results in
Fragkiadakis et al. [10] show that UMAP outperforms PCA for sim-
ilarity analyses. UMAP projects each video onto a two-dimensional
space by iteratively relocating points to preserve the structure of the
original high-dimensional data. The resulting graphs demonstrate
that signs are clustered according to their overall shape, effectively
grouping visually similar signs together.

2.4 Sign Language Similarity Analyses

Regarding the evaluation task, previous studies have approached
the measurement of sign phonological similarity using RGB features
and labels. In Bilge et al. [1], unseen signs are associated with
sign classes based on similarity between the textual embeddings
of their phonological descriptions. CNN, 3D-CNN and LSTM were
used to encode spatio-temporal information, while BERT was used
for textual embeddings. Jungsoo Shin [14] proposed a pipeline to
group signs based on their hand configurations using image-based
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RGB representations. Clustering algorithms were used to classify
samples.

In regard to metrics, various studies used DTW [21], an align-
ment algorithm allowing for time series to be locally shifted, con-
tracted, and stretched. DTW searches for the temporal alignment
that minimises the most distances between series. It is therefore
adapted to video and action comparison tasks where length may
vary across all data points. It has been previously used and proved
to act as a reliable metric to assess similarity between extracted
keypoints in SL videos [10, 13]. Euclidean distance has been used
in other studies as a similarity metric. In Fragkiadakis et al. [10],
distances between sign videos projected onto a 2D space have been
shown to perform as well as DTW, and sometimes better when
used on specific body parts. Claassen [5] used embeddings from
the SL transformer architecture SPOTER [2], based on MediaPipe
keypoints, to cluster signs using a silhouette score.

However, most of these studies use annotated datasets for simi-
larity analyses and evaluation. Few studies, notably those involving
inverse search technologies, use non-annotated datasets. Inverse
search dictionaries allow users to submit a query video and return
the most similar signs based on phonological features. These studies
notably highlighted limitations in existing dictionaries that require
users to manually specify their handedness or manual parameters
involved in the query sign [10, 13].

3 Datasets
3.1 Multilingual Sign Language WordNet

Figure 1: Samples from CDPSL and Nederlandse Gebarentaal

Experiments and analyses were conducted on a subset of the
Multilingual Sign Language WordNet Dataset [25], which is a meta-
dataset linking dictionary-style entries from six dictionaries cov-
ering different sign languages' : BSL SignBank (British Sign Lan-
guage, or BSL) [9], Noema dictionary (Greek Sign Language, or
GSL) [8], Nederlandse Gebarentaal (Sign Language of the Nether-
lands, or NGT) [6], Svenskt teckensprakslexikon (Swedish Sign
Language, or STS) [19], the Corpus-based Dictionary of Polish Sign
Language (Polish Sign Language, or PJM) [28] and Gebérdensprach-
Datenbank (Swiss-German Sign Language, or DSGS) [3]. Combined,

1Only the datasets for which we gained authorisation are considered.
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these datasets comprise a total of 10 321 videos. Figure 1 shows
screenshots of typical entries in these dictionaries. With the excep-
tion of Noema and Gebardensprach-Datenbank, each individual
dataset includes multiple signers and a variety of backgrounds.
While some datasets provide various annotations, for example,
hand configuration, the diversity and heterogeneity of the sources
make it impossible to obtain consistent or complete phonological
annotations across the meta-dataset.

3.2 ASLLVD

Figure 2: Samples from ASLLVD

To generalise and evaluate preprocessing methods, we also made
use of the ASSLVD dataset [22], whose characteristics are well-
suited to our study. Like the WordNet dataset, ASLLVD consists of
dictionary-style videos with similar length, signer variation, and
framing. Moreover, the dataset includes annotations regarding hand
configurations and the number of arms involved in the sign; that
is to say, if the sign is one-handed or two-handed. All videos were
cropped to preserve a frontal view, and the final dataset contains
7,963 videos. Figure 2 shows screenshots from typical entries in
this dataset.

4 Bias Identification

Performance of sign language processing tasks, including the one
addressed in this paper, can be affected by various factors through-
out the processing pipeline. Previous studies [24, 27] have reported
issues not only with pose estimation frameworks, but also with the
quality of the input videos, as well as the diversity of interpreters
and recording conditions. To better understand these limitations
and potential biases, we applied dimensionality reduction tech-
niques to project videos onto a 2D space. This allowed us to quickly
identify clusters and investigate their causes. Such factors must
be taken into account to standardise the dataset and ensure that
our comparison methods focus on the linguistic properties of signs,
rather than source-dependent attributes such as signer variation or
inaccuracies in keypoint detection.

4.1 Sign Visualisation

We applied UMAP to 511 videos from the WordNet dataset using
joint variances as input. Using a global descriptor for each video and
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each joint allowed to apply UMAP on videos of different lengths,
preventing sampling or padding. Each row in the matrix is of length
100, twice the amount of extracted keypoints (x and y axes). The
result is shown in figure 3.

4.2 General Observations

Unlike PCA, UMAP does not use axes to represent interpretable
components, clusters must therefore be analysed individually.

We observed that while the clusters are not strictly separated,
several groups emerge that seem to reflect distinct properties of the
signs. For instance, signs positioned on the extreme left section of
the graph correspond to one-handed signs where the hand moves
above or beside the head. The videos isolated from the main clusters
are typically videos with missing keypoints in multiple frames.
These keypoints’ coordinates default to zero, artificially putting
them far away from normal positions, thus isolating them.

4.3 DPose differences

Colours in the graph represent different data sources. We observe
that some clusters consist exclusively of videos from a single dataset.

4.3.1 Handedness.

For instance, red points are grouped in two distinct clusters in the
lower half of the graph. These are exclusively composed of one-
handed sign videos from the Noema dataset, which only includes
a left-handed signer. All of the other videos include right-handed
signers. In sign language, each signer has a dominant hand. For
one-handed signs, only the dominant hand is active. In two-handed
signs, the dominant hand typically performs the more intense, faster,
or semantically meaningful motion. Left-handed individuals tend
to use their left hand as the dominant one, and right-handed indi-
viduals, their right. Since UMAP calculates distances by comparing
corresponding values in each vector, and all vectors are structured
with the left hand’s coordinates first, distances are sometimes com-
puted using hands that are dominant for one signer and not for the
other, creating noise in the data and preventing relevant compar-
isons.

4.3.2  Non-dominant arm.

In addition to biases linked to handedness, most one-handed signs
from the Gebardensprach-Datenbank (dark blue), Nederlandse
Gebarentaal (purple) and Svenskt teckensprakslexikon (green)
datasets are separated based on their source dataset. When looking
at the videos in those clusters, we can notice a difference in the way
passive arms are positioned. In the Gebardensprach-Datenbank
dataset, the signer has her left hand offscreen. All of its land-
marks are therefore set to 0 during extraction. Both Nederlandse
Gebarentaal and Svenskt teckenspréakslexikon interpreters keep
their passive arms in a curved position, resting on their stomach.
These differences lead UMAP to group videos with similar non-
dominant arm configurations together, overshadowing the arm and
the hand actually involved in the sign.

4.3.3  Morphology and Framing.
Finally, videos also appear to be grouped according to the inter-
preters’ morphologies and the framing of the shot.

For example, three videos from the Nederlandse Gebarentaal
dataset, which feature an extremely close-up shot compared to the
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Figure 3: 2D visualisation of WordNet dataset using UMAP

rest of the dataset, are each other’s closest neighbours in the graph.

Additionally, male signers in the Svenskt teckensprakslexikon dataset

tend to cluster together more frequently than with their female
counterparts. This may be attributed to similar morphological traits,
such as broader shoulders.

These observations suggest that morphology and framing in-
troduce a bias in the clustering, as they influence global distances
more strongly than subtle elements like hand configurations.

5 Bias correction

After identifying biases and how they could impact performances
of sign similarity analyses, we applied processing steps on both
ASLLVD and WordNet datasets to improve annotation consistency
on different levels.

5.1 Interpolating missing keypoints

We previously showed that MediaPipe could fail to detect keypoints
in certain frames, leading to biases in similarity matching. To avoid
keeping zero values in some frames, we applied the interpolation
method proposed in Zelinka and Kanis [27] to both datasets after
landmark detection. This approach estimates missing keypoints
by computing a weighted average of the corresponding keypoint
coordinates from neighbouring frames, taking into account the
confidence scores provided by MediaPipe.

While this method allows for the disappearance of null values, it
raises a new issue: hands that have been wrongly identified by Me-
diaPipe in a reduced number of frames now propagate throughout
the entire video. Immobile or robotic hands are therefore present
alongside the real one(s).

To prevent this problem, we implemented a condition before
interpolation: for each detected hand, we check if it appears in

more than 10% of the frames. If not, the hand is flagged as non-real.
Additionally, if a hand is perfectly immobile for the entirety of the
video, it is flagged as non-real.

Figure 4: Frames with detected and non-detected right hand
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5.2 Identifying the dominant arm

During landmarks retrieval, MediaPipe annotates each hand as the
left or the right one with a confidence score. We have shown pre-
viously that handedness acts as a dominant discriminative feature
in dimensionality reduction, overshadowing other aspects such as
movement or hand configuration. Horizontally flipping all videos
to account for handedness would double computation time and
prevent the possibility of focusing on specific body parts during
dimensionality reduction. For instance, to identify identical signs,
Fragkiadakis et al. [10] applied UMAP to the dominant hand key-
points, resulting in an accuracy of 95. This score remains the highest,
surpassing performances obtained by using keypoints from both
the hands and the upper body. Solely comparing keypoints between
dominant hands requires identifying them beforehand.

5.2.1 Identifying the dominant hand.

In Fragkiadakis et al. [10], the velocity of the hand is mentioned as
being used to identify the dominant hand. We include two condi-
tions in our pipeline. We start by computing the velocity of each
hand in a video between all frames using the wrist coordinates and
the number of frames per second. We average those measures to
get an average velocity for each hand. If the left hand is on average
faster than the right one, it is considered dominant. If the right
hand is the fastest, the maximum height (y-axis) across all frames
is used as a fallback, and the higher hand is considered dominant.
Adding this fallback improves identification performance.

5.2.2  Evaluation of dominant hand identification.

To evaluate the performance of this method, 1000 one-handed and
1000 two-handed videos were randomly chosen in each dataset,
with half of the WordNet videos showing a left-handed signer. (Not
possible for the ASLLVD videos, as all signers are right-handed) For
two-handed signs, only non-symmetrical signs have been counted
as wrong predictions.

Table 1: Dominant Hand Identification Accuracy

Type of sign  WordNet ASLLVD

One-handed 0.99 0.97
Two-handed 0.93 0.90
All 0.96 0.94

This combined method yields an accuracy of 0.96 over 2000
videos on the WordNet dataset. The total accuracy is slightly lower
on the ASLLVD one. Most errors stem from inaccurate MediaPipe
annotations, such as wrongly identified arms. Other errors, for
two-handed signs, concern rapid non-dominant hands sometimes
sharing identical configurations with the dominant ones but with
different orientations/movements; see figure 5.

Finally, another common element leading to flawed handedness
identification concerns signers moving the non-dominant hand
during one-handed signs. For instance, in the Noema and BSL Sign-
Bank datasets, signers sometimes move their non-dominant hand
towards the bottom of the screen at the beginning of the video,
and keep on slightly moving it until the end of the sign. Using
y-coordinates as a primary condition for handedness identifica-
tion has been tested to counter such cases; however, various signs

IVA Adjunct *25, September 16-19, 2025, Berlin, Germany

Figure 5: Signers wrongly flagged as left-handed

are located near the stomach or the thighs, leading to more errors
overall.

5.2.3  Vertical flip.

If the dominant hand is identified as being the left one, all x-
coordinates are flipped vertically (x* = 1 - x), ensuring that the
dominant hand is always represented on the left side of the screen;
see figure 6. The position of the left body parts and left hand are
furthermore switched with the right body parts and right hand in
the final pose embedding. These steps allow for more consistency
across and within both datasets. Post handedness identification,
left-handed signer clusters in figure 3 mostly disappeared from
UMARP visualisation, showing that identifying handedness does
indeed add consistency to the data, and allows for signs performed
with the left hand to be associated with signs performed with the
right hand.

Figure 6: Vertical flipping of a left-handed signer
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5.3 Normalising the passive arm

As stated previously, passive arms, those not involved in a one-
hand sign, can be interpreted as being part of signs as they vary
massively in positions across both datasets. Discrepancies in non-
dominant arm positions influence distance computations and can
therefore prevent grouping similar signs together. With the aim to
improve consistency, these passive arms have been identified and
reconstructed towards a unique fixed position.

5.3.1 Passive arm identification.

Passive arms mostly appear in two positions: straight and resting
against the hip, or curved and resting on the stomach. Both types
share a low elbow angle variance throughout the entire video. These
angles are computed using the distances between the shoulder and
the elbow (SE), the elbow and the body wrist (EW), and the body
wrist and the shoulder (WS). The cosine law formula used to retrieve
the value of the elbow angle is:

SEZ + EW? - WS?
C = arccos | —— (1)
2xSE«EW

After evaluating variances of elbow angles in passive arms across
1000 videos from the WordNet dataset, 98.50% of those were under
80°%. For all of the straight passive arms, angle values were between
170° and 180°.

These numbers allow us to identify if a non-dominant arm is pas-
sive in new videos based on the following conditions: we start by
checking if the non-dominant arm has an elbow angle variance
below 80°%, or if all of its angles are between 170° and 180°. If these
conditions are met, the arm is flagged as passive.

5.3.2  Reconstructing the passive arm.

A

Figure 7: Passive arms reconstruction

All passive arms are then reconstructed based on a fixed refer-
ence position and scaled to match the signer’s body proportions.
They are regenerated starting from the neck, joint by joint, using
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the average limb lengths measured on the opposite side. Joint an-
gles are arbitrarily defined to mimic a natural resting position. The
formula used to convert polar coordinates to Cartesian ones is:

x1 = xo + distance * (— cos(angle)) )
y1 = yo + distance * sin(angle) (3)

5.3.3  Evaluation.

To evaluate passive arm identification and reconstruction, previ-
ously stated conditions and processes were applied to 1000 one-
handed signs from the ASLLVD dataset. The dataset annotates each
video as showing a one-handed or two-handed sign, allowing for
an automatic evaluation. Passive arms were correctly identified in
95.20% of the videos.

6 Normalisation

As observed with UMAP visualisation, variability in signers’ mor-
phologies and distances with the camera seem to influence matching
performances; in certain cases, clusters are formed around signers’
characteristics rather than phonological features. To reduce the
impact of these variations, we apply classic 2D pose normalisation
[2, 10, 24] on our data.

6.1 Keypoints translation

The first step in the normalisation process is the translation of
keypoints, meaning their coordinates are re-evaluated relatively
to a new origin. The neck is chosen as the origin for the body
coordinate system, while the wrists are chosen as the origin of their
corresponding hands. Using the wrist as a reference point removes
the absolute position of the hand joints, a position already conveyed
by the wrist in the body system, and allows the focus to shift to
hand configurations [2].

6.2 Anchor based normalisation

After translating each joint relative to the neck or to the wrist,
differences in body morphologies can still result in variations in
values of a same keypoint across the dataset. Someone with broad
shoulders will have shoulder coordinates with higher values than
those of someone with narrow shoulders. To address this, we apply a
scaling step based on an anchor distance, a stable and representative
measure of body proportions. By dividing all joint coordinates by
this anchor distance, we aim to reduce variability in limb lengths
across the dataset. In other words, other body distances (length
between limbs) should vary in proportion to changes in the anchor
distance.

In Fragkiadakis et al. [10], the authors proposed using the nose-
neck distance as the anchor for body normalisation, arguing that
it showed less variance than the shoulder-shoulder distance fre-
quently used in sign language recognition tasks. After comparing
the average variance of both these distances on all of the WordNet
dataset, the nose-neck distance did appear less variant than the
shoulder-shoulder one, although the difference remains extremely
small (difference of 0.0003). To evaluate which anchor yields bet-
ter proportional consistency, we conducted a secondary analysis:
for each anchor (nose-neck vs. shoulder-shoulder), we applied the
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corresponding normalisation to 500 videos, then measured the vari-
ance of other limb lengths (including shoulder-elbow, elbow-wrist,
and shoulder-wrist distances) across the resulting normalised data.

Our aim was to minimise variance while preserving relative body
proportions. In this context, higher variance in limb lengths after
normalisation indicates more diversity in morphologies across sign-
ers. However, the purpose of normalisation is precisely to reduce
such variation.

Although the nose-neck anchor yielded slightly lower variance
in its own value, it led to greater variances in upper-body limb
proportions post-normalisation when used on 500 test videos. In
contrast, using the shoulder-shoulder distance as an anchor pre-
served these proportions more effectively, resulting in more stable
and consistent body shapes across different signers.

We therefore chose to use the shoulder-shoulder distance as
our anchor distance and applied the following final normalisation
formula to both datasets, where (xp, yo) represents the coordinates
of the neck for body keypoints and the wrist for hand keypoints:

(k> yx) = (x0,y0)
“ (xshoulderl’ yshoulderl) - (xshoulderZ’ yshoulderz) ”

() = ©

7 Similarity Analyses

After applying the preprocessing steps described above to Medi-
aPipe joint annotations across both WordNet and ASLLVD datasets,
we decided on establishing similarity scores among videos using
both the initial and corrected keypoints to observe the beneficial
effects of our methods.

7.1 Implementation

Preprocessed keypoints are extracted from each video and stored
in 2D arrays of shape (NumberOfFrames, 50, 2), with 50 being the
number of joints and 2 being the number of dimensions (x and y
axes). We start by reshaping each array to (NumberOfFrames, 100)
and use DTW to measure the similarity between pairs of videos.

7.2 Evaluation

The lack of compatible annotations in multilingual datasets makes
evaluating similarity measures extremely difficult. Most papers, as
in Fragkiadakis et al. [10] and Jangyodsuk et al. [13] look at the
top-k returned signs for a query video, and count the result as a
true positive if at least one of the returned signs is identical to the
query sign.

7.2.1  WordNet.

We manually selected 511 videos from the WordNet dataset, so
that each of these videos presents the exact same sign as at least
one other video in the subset, forming matching groups. Although
manual parameters are identical in all of these groups, non-manual
ones, such as facial expressions, can differ. Groups show different
signers and can involve two-handed and one-handed signs. For
each query video, one true positive was counted if at least one sign
in the top-k returned results was identical, that is to say, if at least
one of the matching signs was present.
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7.2.2 ASLLVD.

Compared to the WordNet dataset, the ASLLVD dataset provides
information on hand configurations for each sign. The evaluation
for this dataset is based solely on hand configuration: while not
representing the sign in its entirety, this allows a completely au-
tomatic evaluation. 500 videos were randomly selected from the
dataset, with half representing one-handed signs and the other
half two-handed signs. For each query video, one true positive was
counted if at least one sign in the top-k returned results shared the
same hand configuration (an identical configuration for one-handed
signs, and two shared configurations for two-handed signs).

8 Results

DTW was applied on every possible pair of each set using both raw
MediaPipe coordinates and the ones resulting from the preprocess-
ing pipeline. Results are shown in tables 2 and 3.

Table 2: ASLLVD: Top-k accuracy for raw and preprocessed
MediaPipe annotations

Top-5 Top-10 Top-15 Top-20

Raw 0.15 0.23 0.34 0.39
preprocessed  0.29 0.41 0.49 0.53

Table 3: WordNet: Top-k accuracy for raw and preprocessed
MediaPipe annotations

Top-5 Top-10 Top-15 Top-20

Raw 0.07 0.09 0.12 0.14
preprocessed  0.24 0.32 0.37 0.41

We observe accuracy increases up to 15 points in the best cases
for the ASLLVD dataset and up to 31 for WordNet. These results
demonstrate that preprocessing keypoints significantly enhances
the ability to match signs based on hand configurations and other
manual parameters.

The ASLLVD scores surpass those of WordNet, likely due to the
evaluation focusing on a single manual parameter, making the task
less complex.

DTW Results vs Random Baseline on the WordNet Dataset

—8— DTW Results
Random Baseline

0.5

01

0.0

5 10 15 20 25 30 35 0 a5 50
Top-k returned videos

Figure 8: Preprocessed WordNet data: DTW results vs. Ran-
dom baseline
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For the sake of completeness, for each preprocessed query video
in the WordNet subset, we computed the expected accuracy under
random top-k retrieval and compared it to our actual results; see
figure 8. The difference in values between this random baseline and
the actual accuracies shows how DTW performances are not based
on randomness, and illustrates the difficulty of the task.

9 Conclusion

Our work highlights the value of dimentionality reduction tech-
niques to uncover structural biases in SL corpora, and introduces
a preprocessing pipeline for pose-based features that significantly
enhances the accuracy of sign similarity assessments.

We showed that applying dimensionality reduction techniques to
pose features, such as body and hand keypoints, preserves enough
information to identify meaningful patterns in a 2D space. This
visualisation approach helped identify issues related to handedness
and the representation of passive arms. By addressing these issues,
through passive arm reconstruction, mirroring left-handed signers,
and pose normalisation, we observed substantial improvements in
similarity scores, as measured by DTW on both raw and prepro-
cessed MediaPipe keypoints. Further linguistic analysis is needed
to better understand how phonological features drive the grouping
of non-identical signs. The proposed pipeline is well suited for in-
verse search applications, especially in datasets involving diverse
signers and recording conditions. All code developed in this study,
along with a curated subset of identical signs from the WordNet
dataset, will be released publicly. Future work will include addi-
tional similarity analyses using methods by Fragkiadakis et al. [10],
Bohacek and Hruz [2], and Jungsoo Shin [14]. Our aim is to enrich
the WordNet dataset, by enabling connections between signs not
only based on meaning, but also on phonological similarity, thereby
improving the accessibility and linguistic utility of SL dictionaries.
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