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4]. Unfortunately, most of this research was done largely or 
exclusively by hearing, non-signing researchers and with a 
strong focus on technological achievements. Many of the 
proposed solutions are consequently not suitable for or tai-
lored to their targeted users, because they ignore fundamen-
tal aspects of the richness and diversity of sign languages 
or are restricted to usage scenarios that are not useful for or 
acceptable to their targeted users [5]. As a result, the devel-
oped technologies rarely find their way to practical applica-
tions. In fact, due to past disappointments, many deaf and 
hard of hearing (DHH) persons have even become wary of 
sign language technology altogether [6, 7].

The participation of DHH and signing researchers in the 
development of SLP is essential for avoiding the shortcom-
ings that arise when technologies are developed without the 
perspectives of those who use them. Yet the number of DHH 
professionals with technical training in machine learning 
remains limited. In the United States, institutions such as 
Gallaudet University—where American Sign Language 
(ASL) is the primary language—provide more extensive 
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development of language technology for sign languages [3, 
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academic pathways for DHH students. In contrast, across 
much of Europe, DHH researchers with the relevant exper-
tise are far less prevalent. Although this scarcity makes it 
challenging to recruit technically trained DHH collabora-
tors, their involvement in sign language research is widely 
recognised as indispensable [1, 5, 8].

In response to these constraints, several recent projects 
led primarily by hearing researchers have adopted co-
creation methodologies (e.g., SignON [9], EASIER [10], 
CoCoS [11], SignGPT [12]). However, as both Lepp et al. 
[1] and De Meulder et al.[2] observe, many of these efforts 
have struggled to move beyond superficial participation 
and have rarely realised the structural rebalancing that co-
creation presupposes. According to Lepp et al., genuinely 
co-created solutions require a shared goal and a formal, 
sustainable partnership, yet such partnerships often remain 
aspirational rather than fully operationalised. Similarly, De 
Meulder et al. argue that co-creation demands a fundamen-
tal reconfiguration of who is recognised as a designer and 
decision-maker—something that most existing SLP projects 
have not successfully achieved.

Ideally, co-creation begins with jointly identifying needs 
and priorities and continues through cycles of design, evalu-
ation, and refinement. When implemented in full, this pro-
cess embeds community perspectives into the resulting 
technology, thereby reducing the risk of developing tools 
that are misaligned with real-world needs [13]. Yet the 
limited success of prior co-creation attempts underscores 
that achieving this vision requires more than participatory 
activities: it demands a redistribution of authority, sustained 
trust, and structural support for DHH leadership [2].

Acknowledging both the challenges and benefits of co-
creation, this paper presents collaborative research between 
(hearing) researchers at Ghent University (UGent, Belgium) 
and (deaf or hard of hearing) researchers at the Flemish 
Sign Language Center (VGTC, Belgium), a deaf-led exper-
tise centre committed to advancing the knowledge of and 
about Flemish Sign Language (Vlaamse Gebarentaal, VGT) 
through research, education, and community engagement. 
As one of its core activities, VGTC maintains and expands 
the publicly accessible VGT-Dutch online dictionary [14].

Our partnership was guided by the core conviction that, 
given the current state of technology related to SLP, it 
must be possible to develop applications that are truly use-
ful to the Flemish signing community. By working closely 
together, we ensured that the expertise and perspectives of 
(DHH) signers remained central to the research process—
safeguarding not only functional utility but also linguistic 
authenticity and cultural relevance. The targeted application 
of our joint research is a robust and scalable video based 
dictionary search system that allows to look up the meaning 
of a sign in the entire online VGT-Dutch dictionary, both for 

currently documented signs and for signs that are yet to be 
added in the future. To analyse how well the proposed appli-
cation will work, we collect and analyse usage data with a 
publicly available tool that we call SignBuddy.1 The contri-
butions of this paper are threefold: 

1.	 We report on our co-creation process and the many 
ways in which sign language knowledge and signers’ 
perspectives were embedded into our research decisions 
at all stages.

2.	 We present the core contribution in our envisaged path 
towards the targeted application: the targeted collection 
of user data that allows us to evaluate the scalability of 
our approach and future improvements, and to evaluate 
whether our model’s outputs are based on relevant prop-
erties of signs and to identify common failure cases.

3.	 We provide an initial analysis of the data that has been 
collected up to the time of writing and identify promis-
ing directions for improvement, both to the user inter-
face and to the underlying technical model.

The remainder of this paper is organised as follows: Sect. 2 
gives an overview of related work, Sect. 3 details the ide-
ation of SignBuddy and its requirements, Sect. 4 illustrates 
the SignBuddy application design arising from this, Sect. 
5 goes over our analyses of the data collected through the 
SignBuddy platform, Sect. 6 gives some insight to the tran-
sition from SignBuddy to the first publically available sign-
to-text dictionary, and Sect. 7 lists our insights for future 
work on SignBuddy and sign language dictionary search 
functionality in general.

2  Related work

2.1  The data challenge in sign language processing

Sign languages are complex languages with rich vocabular-
ies and a lot of variation in the way they are expressed. Most 
sign languages, however, are less standardised than written 
or spoken languages. They have fewer lexemes that are fully 
conventional in form and meaning compared to most spo-
ken languages, but allow for greater creativity in (re)com-
bining meaningful components to express new meanings or 
nuances. This is further enhanced by the fact that, unlike 
spoken languages, sign languages also exhibit simultaneity, 
which is the concurrent execution of different lexical and 
morphological elements. Not nearly all of the meaningful 
building blocks or potential combinations and meanings 
have been documented.

1  ​h​t​t​p​s​:​​​/​​/​w​o​o​r​d​​e​n​b​​o​e​​k​​.​v​l​a​​a​m​​s​e​g​​e​b​a​r​​e​n​t​​a​a​​​l​.​​b​e​/​s​i​g​n​B​u​d​d​y.
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Despite this, the success of artificial intelligence in pro-
cessing written and spoken languages has prompted research 
into sign language processing as well. Sign language lin-
guists and computer scientists working in computer vision 
and natural language processing are pursuing the automatic 
analysis and translation of sign languages, using powerful 
deep neural networks. These should in principle be able to 
achieve good performance, but typically need a lot of high-
quality training data. Unfortunately, in comparison to many 
written and spoken languages, sign language data that is 
available (in compliance with the General Data Protection 
Regulation (GDPR)), properly annotated, and suitable for 
research purposes is extremely scarce.2 As data availability 
is the main bottleneck for high-quality SLP, the most nota-
ble research efforts today focus on data-efficient techniques 
such as learning from unlabeled data [15, 16], transfer learn-
ing from related data sets [17, 18] or preprocessing to sim-
plify the task [19, 20].

2.2  Isolated sign language recognition

Isolated sign language recognition (ISLR) focuses solely 
on recognising (classifying) individual lexical items. 
Glosses can serve as unique and interpretable labels for 
this classification task, as they are a written representation 
of signs. Glosses can denote individual lexical items (e.g., 
CAR, BRIDGE) or depict multi-sign constructions (e.g., 
car-drives-across-bridge).

Gloss-based ISLR has recently been used to mitigate the 
data bottleneck for sign language translation [21]. In this 
approach, the signs in continuous signing are identified by 
sliding a windowed ISLR model over the video, after which 
the resulting sequence of glosses is processed further by a 
(text-based) translation model. While this offered promising 
results, the use of glosses in sign language translation (SLT) 
is a topic of ongoing debate [4, 22], because translation 
requires capturing linguistic and semantic nuances beyond 
the gloss level. A single written word, i.e. gloss, cannot cap-
ture the full semantic and grammatical richness of a sign. 
Therefore, glosses are never meant to be a translation of a 
sign. In the remainder of this section, we focus on ISLR, 
since that is the type of SLP used in SignBuddy.

The input videos for ISLR can be processed in several 
ways [17, 23]. Recent advancements [24, 25] have dem-
onstrated a positive impact using pose estimation models, 
such as MediaPipe Holistic [26] (henceforth MediaPipe) 
and OpenPose [27]. These models transform input vid-
eos into sequences of skeletal representations, capturing 
“keypoints” or “landmarks” of the human pose in 2D or 
3D Cartesian coordinates. Removing information about a 

2  Admittedly, this problem is not unique to only sign languages, but it 
does, however, apply to all sign languages.

person’s appearance allows ISLR models to focus solely on 
the structural aspect of sign videos: how people move their 
arms, hands, and face. This enhances the generalisability to 
downstream tasks, while also enabling anonymity. Overall, 
the adoption of MediaPipe has significantly advanced the 
state-of-the-art of ISLR.

However, there is still room for improvement in prepro-
cessing. Although the keypoint estimator is generally accu-
rate, MediaPipe sometimes produces erroneous keypoint 
predictions when the two hands interact. Since this inter-
action is elemental to sign language, crucial information is 
lost. Moryossef et al. [19] argued that this tool is not directly 
applicable to fine-grained tasks such as sign language rec-
ognition. However, recent Kaggle competitions [28, 29] 
based on keypoint estimation using MediaPipe present a dif-
ferent perspective, showing promising results in SLR using 
keypoint estimation. A key component appears to be the 
addition of a frame embedder—an architectural component 
that generates per-frame latent representations (also called 
embeddings),3 without considering temporal context—that 
is not present in the work by Moryossef et al. [19], but pres-
ent in all top Kaggle competition entries. This frame embed-
der allows the network to learn the non-linear relationships 
between keypoints [20].

Besides the preprocessing of sign language videos, the 
architecture of the models also has a large impact. Until 
2020, deep learning approaches to ISLR primarily used vari-
ations of Recurrent Neural Networks [30–32]. The common 
factor of these models is that they are proficient at handling 
sequential data and dealing with temporal dependencies 
between different poses. The introduction of transformers 
[33] in 2017 initiated a paradigm shift. The combination of 
keypoints and attention leads to powerful models for ISLR: 
the top scoring method on the Kaggle ASL ISLR competi-
tion [28] achieved 89.3% test set accuracy on 250 sign cat-
egories using keypoint data and attention.

Even with the addition of preprocessing techniques like 
keypoint extraction, the lack of training data still poses a 
hard bottleneck on the supported vocabulary of classifica-
tion approaches based on supervised learning. For each 
sign, they need a sufficiently large and approximately equal 
number of examples for training to allow for the variability 
in sign execution. As already mentioned, sign languages are 
complex and evolving languages with large vocabularies, 
which motivates the need for more flexible ISLR techniques 
that can easily be adapted to include additional signs.

3  An embedding is a representation of the relevant properties of the 
input, in this case the sequence of keypoints extracted from a sin-
gle sign video, into a vector of numbers. A good embedding model 
should maximally represent the relevant information while ignoring 
information that is not relevant to the targeted task.
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from continuous signing rather than isolated signs, which 
poses a domain mismatch.

2.3  Adoption of SLR tools in practical applications

While the scientific literature has reported significant 
advancements in ISLR performance, its integration in tools 
that offer an added value to DHH communities unfortu-
nately remains limited. Examples of existing applications 
include the support of sign language acquisition and dic-
tionary search systems. While these applications serve dis-
tinct purposes, both rely on ISLR.

Sign language acquisition tools demonstrate how ISLR 
can support real learning scenarios by providing feedback 
on whether a user reproduces a target sign accurately. Sev-
eral mobile tools illustrate the feasibility of deploying ISLR 
in everyday settings. PopSign [38], for instance, helps hear-
ing parents of DHH children learn frequently used ASL 
signs through a gamified interface, enabled by a diverse 
smartphone-recorded dataset.4 Similarly, Zhang et al. [39] 
propose a smartphone-based system for learning 1,000 Chi-
nese signs, demonstrating the potential scalability of light-
weight setups.

Other approaches explore more structured environments 
that require specialised hardware. SMILE [40] places both 
DHH and hearing children in a virtual-reality setting to 
learn a limited set of ASL signs alongside academic content, 
while CopyCat [41, 42] evolved from glove-based sensing 
to depth-camera tracking and pose estimation. These sys-
tems highlight how controlled environments can support 
richer feedback but at the cost of accessibility.

Across all these efforts, a central limitation remains: cur-
rent tools rely on fixed, tightly curated vocabularies defined 
during data collection. As a result, learners can only prac-
tise a restricted set of signs, even though real learning needs 
vary widely across individuals and contexts. Broadening 
these tools to support larger or customisable vocabularies 
would substantially increase their usefulness—yet doing so 
requires scalable sign-to-text capabilities, a challenge we 
address in this work.

Online sign language dictionaries traditionally provide 
a search functionality to look up the sign or signs that best 
correspond to a written word (text-to-sign search), examples 
are listed in Table 1. Some noteworthy examples include 
SignASL (ASL Sign Language Dictionary), SignBSL (BSL 
Sign Language Dictionary) and the VGT dictionary [14, 
43], comprising over 40,000, 21,000, and 11,000 signs, 
respectively. Although these resources are designed for the 
signing community, sign language dictionaries are often 
used by second language learners, as text-to-sign search 

4  A total of 94,477 samples covering 250 signs and recorded by 21 
different signers [28].

Fei-Fei et al. [34] argued that “one can take advantage 
of knowledge coming from previously learned categories, 
no matter how different these categories might be.” This 
insight led to the introduction of few-shot learning, where 
fewer examples per category are required. Wang et al. [35], 
for example, leverage multiple examples of one sign to 
perform K-means clustering and a custom matching algo-
rithm. For some sign languages, a dictionary is available. 
Resources like sign language dictionaries—extensive col-
lections of one or more example videos of a given sign—
can also be used for few-shot learning. In the case of VGT, 
the dictionary contains exactly one example per unique 
documented sign. De Coster and Dambre [36] employed 
pretrained model embeddings in a Euclidean distance-based 
vector search, in essence performing one-shot learning to 
recognise signs in the VGT dictionary [14]. However, the 
model’s performance on dictionary lookup was still quite 
poor, as will be shown in Sect.  4.2. This limited perfor-
mance can primarily be attributed to the Zipfian class distri-
bution in the pretraining dataset, which was extracted from 
the VGT corpus [37]. Due to this imbalance, the model has 
not been exposed to a wide enough variety of signs dur-
ing training and therefore is not able to distinguish enough 
properties of signs to perform one-shot SLR. In addition, 
the examples used in the pretraining dataset were extracted 

Table 1  Online, publicly available sign language dictionaries, their 
number of signs (size) and sign-to-text (S2T) search modality
Sign language Size S2T
No sign-to-text search available
ASL (American) 40,000 None
LSF (French) 27,025 None
BSL (British) 21,000 None
KSL (Kenyan) 8926 None
GESL (Georgian) 8296 None
NTS (Norwegian) 6500 None
DGS (German) 5509 None
AUSLAN (Australian) 4912 None
FinSSL (Finl.-Swed.) 3035 None
TSL (Taiwan) 2194 None
HSL (Hawai’i) 1500 None
Search by using sign parameters (SP)
LESCO (Costa Rican) 1041 1 SP
Libras (Brazilian) 3093 1 SP
NZSL (New Zealand) 4500 2 SPs
HKSL (Hong Kong) 7346 2 SPs
DTS (Danish) 2250 3 SPs
PJM (Polish) 3476 3 SPs
NGT (Dutch) 1600 5 SPs
SSL (Swedish) 21,734 6 SPs
Search by sign language processing (SLP)
LSFB (French-Belgian) 11,859 700 signs
VGT (Flemish) 11,248 2 SPs + full dictionary
The URL to the dictionary is embedded within the sign language 
name
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languages. In SignBank, each sign entry is represented by 
a unique gloss, consisting of a word and a letter suffix. The 
word corresponds to a single concept, while the letter suffix 
distinguishes variants of the same concept—i.e. synonyms. 
For example WONEN-A5 refers to the concept of ‘to live’, 
just like WONEN-B, WONEN-D, WONEN-F, WONEN-H, 
and WONEN-I. These synonyms sometimes correspond to 
the different provinces in Flanders. Granted that glosses are 
practical for managing signs, they do not always provide a 
good indication of the full meaning of a sign. For example 
MUSEUM-J can not only be translated to museum but also 
tentoonstellen (to exhibit), tentoonstelling (exhibition), expo 
(expo), salon (salon), and beurs (fair). A user could find this 
particular sign by searching for any of these listed transla-
tions—illustrating the text-to-sign search functionality.

From a user perspective, text-to-sign search is primar-
ily relevant for non-signers and novice signers, which is 
reflected in the current user base: most active users of the 
VGT dictionary are hearing VGT learners. Incorporating 
more specialised vocabulary and explanatory elements—
such as definitions and example sentences—would increase 
the dictionary’s relevance for the DHH community. At 
present, the VGT dictionary functions only as a translation 
resource, but VGTC is working towards developing such 
explanatory dictionary. This expanded functionality could 
particularly benefit DHH users with lower proficiency 
in Dutch, allowing them to consult the dictionary in their 
native language.

It is important to note that the VGT dictionary is not a 
static set of unique signs, but an ever-expanding collection 
maintained through several curation mechanisms. Although 
VGTC manages the dictionary, it does not unilaterally 
determine which signs are selected from SignBank. While 
corpus research informs the selection process where possi-
ble, VGTC also relies on community involvement to collect 
and verify signs. The primary mechanism is the Gebaren-
commissie (signing committee), which is a group of five 
highly proficient signers—one from each of the five prov-
inces in Flanders—that meets once a month to discuss signs. 
Another is the Gebarometer (Sign-o-meter), a daily email 
blast to a group of about 65 deaf signers, which surveys 
one sign a day. Finally, targeted lacuna projects focus on 
domain-specific vocabulary, discussed with signers who are 
active in the relevant field. These combined initiatives make 
the VGT dictionary not only a highly reliable resource but 
also an ever-evolving representation of the Flemish signing 
community.

Additionally, the VGT dictionary was among the first to 
support a form of sign-to-text search [46]. In 2004, users 
could search for sign translations using SignWriting [47]. 

5  The URL to the videos that corresponds to the glosses is embedded 
into the gloss name.

is particularly relevant for this user group. Nevertheless, 
improving access to sign language learning indirectly ben-
efits the DHH community. In contrast, sign-to-text search—
i.e. performing a sign to look up its textual translation—is 
more relevant for the signing community, but remains far 
more uncommon.

The most common way to achieve this bidirectionality 
today is by searching the parameters of a sign, the phono-
logical building blocks of signs, for example an overview 
of all signs with a certain handshape or on a certain loca-
tion on the body. The dictionaries for Swedish Sign Lan-
guage (SSL), New-Zealand Sign Language (NZSL), Sign 
Language of the Netherlands (NGT), French Belgian Sign 
Language (LSFB) and Flemish Sign Language (VGT) all 
offer this search function. The existence of these search 
functions illustrates the need and want of the community 
for bidirectionality, however in its current form it appears 
not efficient enough. While this narrows down the search 
considerably, it does not allow the user to search for one 
specific form. A notable effort to automate searches by Fink 
et al. [44] enables users to perform such searches. Unfor-
tunately, the underlying model for this example is based 
on supervised learning. This means that the tool has been 
trained to address a fixed and constrained vocabulary which 
can not be extended to new signs without collecting train-
ing examples for these signs and retraining the model. Con-
cretely, the lookup functionality of Fink et al. [44] supports 
a vocabulary of 700 signs—merely a fraction of those found 
in sign language dictionaries. Since datasets with sufficient 
samples of (much) larger vocabularies are not available, it 
remains difficult to assess whether any of the approaches 
mentioned in Sect. 2.2 can be scaled up to capture the full 
lexical richness of sign language.

2.4  The VGT dictionary

The Flemish Sign Language (VGT) dictionary [14] is the 
primary lexicographic resource for Flemish Sign Language. 
Through its continual development in close collaboration 
with the Flemish signing community, it plays a central role 
in preserving, documenting, and teaching the language, 
while reflecting its contemporary lexical and regional diver-
sity. The dictionary’s origins trace back to smaller lexico-
graphic projects in Flanders initiated in 1999. In 2004, the 
Flemish universities UGent and KU Leuven released the 
first public version, which was subsequently transferred to 
VGTC in 2012, who have managed it ever since.

At the time of writing, the VGT dictionary comprises 
11,248 unique signs. However, VGTC manages over 20,000 
Flemish Sign Language entries, including those in the dic-
tionary, in SignBank [45]—an electronic database devel-
oped to compile and manage lexicographic data for sign 
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“co-creation should not be reduced to mere participation, 
but understood as a reconfiguration of who is recognised as a 
designer and decision-maker.” This aligns more with our vision 
of co-creation—a collaboration between partners with equal 
status—and that is why we choose to follow this definition.

Building on this perspective, the expertise- and experi-
ence-driven work byDe Meulder et al. [2] distills five les-
sons from previous co-creation efforts in the context of 
SLP which we implemented in the SignBuddy co-creation 
process:

	● Lesson 1: recognise and resource DHH partners’ invis-
ible labour;

	● Lesson 2: manage expectations via accessible science 
communication;

	● Lesson 3: “crip” co-creation by dismantling structural 
ableism;

	● Lesson 4: diversify participatory methods to address co-
creation fatigue and intersectionality;

	● Lesson 5: redistribute power through DHH leadership.

In SignBuddy, DHH researchers from VGTC (C. Brosens, 
H. De Durpel) and hearing researchers from UGent (T. Van-
dendriessche, M. De Coster, J. Dambre) enjoy equal status. 
From the outset, SignBuddy was envisioned by research-
ers from VGTC—representing the DHH community—and 
UGent who (i) shared a common goal: developing sign-
search functionality for the VGT–Dutch dictionary. More-
over, (ii) a formal and sustainable relationship between the 
partners has long been in place, as UGent and VGTC main-
tain ongoing collaborations beyond the SignBuddy project. 
The SignBuddy project is deaf-led, with VGTC serving as 
the primary partner in the consortium, directly employing 
Lesson 5.

The partnership has always been deliberately structured. 
Most decisions regarding the application, planning, and data 
collection protocol were made jointly, while purely tech-
nical choices—such as those concerning neural network 
architectures—were handled by UGent. These joint deci-
sions were facilitated through recurrent meetings, aligning 
with Lesson 3, which ensured that both partners remained 
informed, coordinated, and able to contribute according to 
their working capacities. This structure avoided last-minute 
decision-making and supported a sustainable, inclusive 
workflow.

The SignBuddy project ensured that the broader DHH 
community was actively informed and engaged throughout 
its development, directly putting Lesson 2 into practice. All 
information on the platform—including the project goals, 
workflow, privacy details, and data-collection protocol—
was provided in both VGT and Dutch, ensuring accessible 
communication for all users. These materials also explain 

Although revolutionary at the time, the feature saw limited 
uptake, as few users were familiar with SignWriting. In 2017, 
this led to a replacement with a parameter-based system, in 
which users search for signs by selecting handshape(s) from 
a list or indicating the articulatory location on a pictogram 
of the human body. While this parameter-based approach 
increased accessibility, it does not constitute a complete 
sign-to-text search, highlighting the need for a more direct 
and intuitive method.

In a genuine sign-to-text search, the user performs a sign in 
front of his computer and retrieves the relevant translation in 
Dutch. Developing a method capable of searching the entire 
dictionary is non-trivial for several reasons. First of all, (i) 
the method must be able to handle any given unique sign, 
which is represented by a unique gloss. Second, (ii) it must 
efficiently and robustly search through very large vocabular-
ies. Finally, (iii) the dictionary’s continuous evolution neces-
sitates a flexible solution that does not require retraining after 
every addition. Through our collaboration, the VGT diction-
ary now supports such genuine sign-to-text search. The tech-
nical details of this implementation, however, lie beyond the 
scope of this paper, which focuses instead on the develop-
ment process, collaboration and collected data.

3  The ideation of SignBuddy

This section outlines the conceptual foundations that informed 
the development of SignBuddy. Although some elements of 
the technical implementation are briefly referenced, a full for-
mal description of the system is provided later in Sect. 4. We 
begin by presenting the co-creation framework that underpins 
the project in Sect. 3.1, establishing the collaborative principles 
that shape all subsequent design choices. Building on this foun-
dation, we articulate the long-term objectives of the platform in 
Sect. 3.2 and then describe the intermediate steps that function 
as stepping stones toward these goals in Sect. 3.3.

3.1  Co-creation

While the works cited in Sect. 2.2 represent significant tech-
nical advancements in isolated sign language recognition—
effectively creating stepping stones for the technical aspect of 
this work—few studies explicitly acknowledge the involve-
ment of the DHH community (if they were involved at all) [1]. 
SignBuddy shifts this paradigm and implements a co-creation 
process. The recent theoretical exploration by Lepp et al. [1] 
describes how two concepts are essential in co-creation: (i) 
the existence of a common goal between users/consumers 
and researchers/developers, and (ii) a formal and sustainable 
relationship between those two groups. De Meulder et al. [2] 
offer an alternative perspective on co-creation, arguing that 
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for VGT learners and as feasible by UGent. Using these two 
markers, we set grounded requirements.

Desirability: a video-based search tool offers direct ben-
efits for the Flemish DHH community as it would make 
the search functionality in the VGT dictionary fully bidi-
rectional. As the text-to-sign search function is currently 
more accurate, the dictionary is mostly used to look up the 
corresponding signs to a Dutch word. The fact that this fea-
ture is mostly useful for non-signers and novice signers is 
reflected in the user base, as most users of the dictionary are 
hearing VGT learners. Enabling reliable sign-to-text search 
plays a big part in expanding the user base with more DHH 
users, especially those with lower proficiency in Dutch, as 
it would allow them to use the dictionary in their native lan-
guage. However, broader adoption among DHH users also 
depends on complementary developments: expanding the 
dictionary with more specialised vocabulary, and gradually 
introducing explanatory elements such as definitions and 
example sentences in VGT. Together, these improvements 
would allow the dictionary to better serve both hearing 
learners and native VGT signers. In addition, the technical 
progress that the sign-to-text search will also enable a range 
of other usage scenarios, such as lexical research, e.g., to 
search for similarities among dictionary signs, or the devel-
opment of VGT learner support tools, driven by the Flemish 
DHH community, and VGT teachers.

Feasability: the work of De Coster and Dambre [36] 
employs a version of the VGT–Dutch dictionary col-
lected (with permission) in 2023, containing 10,235 unique 
glosses, each with a single example video and its most com-
mon meanings in written Dutch. At the time of writing, the 
dictionary already contains 11,248 signs: 1013 new signs 
have been recorded and published since then.6 Each entry is 
also annotated with additional meta-information, such as its 
most discriminating sign parameters (e.g., hand shape(s) or 
location), which can be used to perform dictionary queries. 
The process of standardisation of VGT is still in progress. 
The dictionary is a collective effort of many members of the 
Flemish signing community, coordinated by VGTC. Col-
lection and verification efforts lead to the regular addition 
of new signs. Under these conditions, a practically useful 
sign-to-text search tool must therefore be truly scalable, in 
the sense that it should enable the seamless addition of new 
signs without (frequent) retraining.

From a data perspective, supervised learning or even few-
shot learning are not possible for this use case: for more than 
90% of the dictionary entries, the example in the diction-
ary is the only one available. The Euclidean distance-based 

6  This illustrates the need for a scalable ISLR solution that is easily 
adapted to the recognition of new signs. SignBuddy is such a solu-
tion, and we will update to the complete dictionary when the applica-
tion is finalised—and regularly update thereafter.

how artificial intelligence is used in the system. By clarify-
ing that the dictionary videos alone are insufficient to train 
the model and by openly requesting user feedback, the proj-
ect transparently communicates the limitations of current 
technology. In doing so, it actively manages expectations, 
fulfilling the second component of Lesson 2.

By making the platform publicly accessible, we also 
mitigated the risks highlighted in Lesson 4, namely co-
creation fatigue and issues of intersectionality. The flex-
ible recruitment of participants—through both personal 
networks and visitors of the VGT-dictionary webpage and 
its call to action—resulted in a diverse set of contributions. 
This approach reduced pressure on the DHH researchers’ 
personal networks and helped prevent the repeated overbur-
dening of the same segment of the DHH community.

The success of SignBuddy depended not only on active 
collaboration but also on the complementary contributions 
of both partners. UGent delivered the technical compo-
nents, but VGTC carried out labour that is less visible yet 
even more essential: consulting with the DHH community, 
translating project materials into VGT, making culturally 
appropriate design choices, and providing a trusted point of 
contact for participants. These tasks require sustained com-
munity engagement and are often informally assigned to 
DHH partners without being fully recognised or resourced. 
In SignBuddy, we explicitly acknowledged and supported 
this work, directly addressing a core concern of Lesson 1 
and ensuring that DHH partners’ community-facing labour 
was treated as a formal and valued part of the project.

Taken together, the implementation of all five lessons 
shows that co-creation in SLP requires more than partici-
pation: it requires structural commitments to DHH leader-
ship, transparent communication, shared decision-making, 
and explicit recognition of community-facing labour. The 
development of SignBuddy illustrates how these commit-
ments can be realised in practice, and leads to a valuable 
end-result. The following sections give a structured over-
view of the collaboration itself.

3.2  From stakeholder needs to the primary research 
goal

As already mentioned, our focus was to maximally leverage 
previous research experience from the SignON project to 
the short-term benefit of the Flemish signing community. 
The goal of our collaboration, the creation of a video-based 
sign-to-text search functionality for the VGT online dic-
tionary, was obtained by aligning the stakeholder priorities 
with the TRL (technology readiness level) and feasibility 
of potential SLP applications. It was identified as desirable 
by VGTC, supported by their regular consultation of DHH 
community and knowledge of the usefulness of such a tool 
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functionality. Since the VGT dictionary is not only used by 
signers but also by people with little to no pre-existing level 
of sign language proficiency, we extend our data collection 
to both groups in order to be able to monitor the sensitiv-
ity to deviations in signing quality. To distinguish between 
these groups, participants are asked to indicate their sign 
language proficiency (further referred to as sign level).

To collect labeled data, users are shown the video of a 
sign from the dictionary and asked to record themselves 
while executing that sign. SignBuddy also leverages the 
VGT-expertise of DHH-C and members of H-P with sign-
ing experience to assess whether the model’s mistakes make 
sense. In particular, we ask the user four questions about the 
model’s most highly ranked mistake:

	● Was the hand shape of one or both hands correct?
	● Was the signing location of one or both hands correct?
	● Was the movement of one or both hands correct?
	● Was the mouth pattern of the sign correct?

These questions allow us to assess which sign language 
parameters7 are especially problematic for the deep neural 
networks that perform ISLR. Such human evaluation data 
is crucial for making informed decisions with regard to the 
used machine learning models.

To realise SignBuddy, VGTC and Ugent jointly (and 
successfully) applied for funding for AMAI “Wat Gebaar 
jij?!” [50], funded by Flemish government with VGTC as a 
coordinator. Both partners conceived and defined the project 
outline and planning together. Besides the development of 
the SignBuddy data collection tool, the project also included 
the data collection and analysis itself, and the use of this data 
to optimally adapt the pre-existing technology of UGent for 
incorporation into the VGT dictionary. This paper reports on 
the process and results of this project.

4  The realisation of SignBuddy

This section covers all the practical aspects of SignBuddy’s 
development. First, we list the design principles that steered 
this development phase in Sect. 4.1. These principles bridge 
the previous section on the ideation of SignBuddy (Sect. 
3) into this section, and describe how the requirements 
are transformed into actionable concepts. Subsequently, in 
Sect. 4.2 we disclose the technical aspects about searching 
through vast vocabularies, and follow with an overview of 
the interface in Sect. 4.3.

7  Signs are often described by five articulatory parameters: hand-
shape, orientation, location, movement, and non-manual signals [48, 
49].

vector search approach used by De Coster and Dambre [36] 
matches the restrictions imposed by the use case and was 
therefore selected as the basis for our solution. However, 
considerable improvements are necessary. First, their train-
ing dataset was not diverse enough to represent the full 
spectrum of sign parameters used in the dictionary. Second, 
a more diverse dataset may require a more powerful model 
to capture those additional richness of the data.

Requirements: a requirement for adoption of the devel-
oped search functionality is that the accuracy of our solu-
tion must be sufficiently high. Both parties agreed that the 
search tool should present the top-k most similar signs in the 
dictionary, and VGTC defined the quality criteria the search 
function should achieve in order to be integrated into the 
dictionary:

	● the top-k predictions should fit on a single screen, in the 
layout template of the online dictionary (this restricts k 
to 6 in a relaxed layout and 9 in a tight layout);

	● the top-k recall is ideally above 70% when searching in 
the entire dictionary, with an absolute minimum of 2 out 
of 3 (66.6%), for well-executed signs.

3.3  The need for crowd-sourced data collection

The minimum requirements, corresponding to a minimum 
Recall@k of 66.6%, puts forward the need for test data that 
consists of dictionary queries of signs that were executed 
correctly (i.e., by people with a certain level of sign lan-
guage proficiency) for a wide range of dictionary signs and 
that contains variability that is representative of the envis-
aged usage.

The evaluation set used by De Coster and Dambre [36] 
only covered ten unique signs, executed by non-signers 
(so possibly not always accurately executed). It therefore 
does not allow us to monitor our targeted Recall@k. As a 
step towards achieving our primary goal, high-quality VGT 
evaluation data was needed, with recording conditions that 
were similar to those of future dictionary searches (i.e., data 
collected in the wild).

Finally, the credibility of technological solutions can 
be greatly enhanced if the mistakes made by the model 
make sense to the end users. Technically, this means that, 
if a human would perceive two signs to be similar, then the 
model should also consider them similar (and vice versa). 
Again, in order to assess whether this is the case, human 
evaluation data is crucial.

Based on the analyses above, VGTC and UGent 
decided to develop SignBuddy, a data collection environ-
ment that encourages signing users (DHH-C), to contrib-
ute their sign language expertise for the development and 
iterative improvement of the envisaged dictionary search 
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is provided in both VGT and Dutch, ensuring clarity 
and inclusiveness. Transparency is a core principle of 
co-creation and a prerequisite for informed participa-
tion. SignBuddy therefore communicates clearly how 
user data are processed and anonymised before being 
used in AI-based sign language tools. This openness not 
only builds user trust but also strengthens AI literacy by 
helping participants understand how machine learning 
models function and evolve. In this way, users become 
informed collaborators who both contribute to and learn 
from the technology they help shape.

4.	 Privacy We prioritise user privacy at every stage of 
development. SignBuddy does not process or store 
raw video data, but collects only anonymised key-
point sequences that are extracted on the browser, on 
the user’s computer. Alongside each sequence is stored 
its sign level, label (i.e. gloss), top-6 predictions with 
probabilities, timestamp, user feedback, and a unique 
ID. This ID allows for accurate data management and 
processing, but cannot be linked back to user sessions. 
Additionally, feedback and sign-level selection are pro-
vided exclusively through checkboxes. This eliminates 
the need for textual input and minimises the risk of 
personal identification. Moreover, since reading and/or 
writing text can be a barrier to some DHH persons [51], 
such checkboxes with associated icons make the appli-
cation more inclusive.

5.	 User engagement A user is more likely to continue 
recording signs when the system is correct most of the 
time. As the data collection through SignBuddy is a step 
in the development of a robust dictionary search tool, 
we boost perceived performance (as opposed to actual 
performance) in a number of ways. First, instead of only 
showing the best match found by our model, we pres-
ent the top-6 predictions. To strengthen the perception 
of “success” and increase the gratification of recording 
signs, we added a large green checkmark to the correct 
sign if it is present in this top-6. The restriction of the 
number of signs that are shown to 6 was dictated by 
considerations of accessibility and visual attractiveness. 
More specifically, we ensured that all presented signs 
fit on a single screen (without the need for scrolling), 
to improve user satisfaction like mentioned by Hassan 
et al. [52]. Between the two feasible options in the lay-
out template used for the VGT-Dutch online dictionary 
(top-6 and top-9) we opted for the one with the largest 
videos. However, as discussed in Sect. 4.2, the initial 
model used in SignBuddy is not yet good enough to 
achieve a gratifying (top-6) success rate. This is not sur-
prising, as the purpose of collecting data through Sign-
Buddy is to improve the model’s performance with the 
gathered insights from user data. In order to emulate a 

4.1  Design principles of the SignBuddy interface

As emphasised in the previous section, SignBuddy is a tool 
specifically developed with and for the DHH community. Its 
interface is hosted at VGTC, as part of the VGT-dictionary 
website. Given its intended user base, great care has been 
taken to ensure that both the functionality and the design of 
SignBuddy’s interface align with the community’s prefer-
ences and requirements. We highlight the following seven 
design choices that benefit the user experience and simulta-
neously maximise the informativeness of the collected data. 
While these decisions were made jointly, VGTC was in the 
lead for this part. 

1.	 Accessibility The tool’s visual design and interactive 
experience have been crafted to mirror those of the 
existing VGT-Dutch dictionary website. This consis-
tency makes navigation more intuitive for users who 
are already accustomed to the dictionary’s interface. 
The tool is publicly available and does not require user 
credentials, which removes potential barriers to entry 
and ensures equal access for all users.

2.	 Inclusivity The commitment to inclusivity is reinforced 
by the bilingual presentation of content in both VGT 
and Dutch, accommodating individuals with diverse 
linguistic backgrounds. This is important, because read-
ing acquisition can present significant challenges for 
DHH individuals [51]. Dutch and VGT enjoy an equal 
prominence in SignBuddy. Thereby, the tool supports 
accessible information and a user-friendly experience 
for the DHH community, as well as hearing persons.

3.	 Usability and clarity Every interactive element within 
the interface is paired with an intuitive icon that visu-
ally represents the corresponding action. This approach 
streamlines user interactions, making the tool more 
accessible to a broad range of users. Some examples are 
listed in Fig. 1. Beyond visual design, all information 

Fig. 1  Composite of interactive elements in SignBuddy, illustrating the 
informative pictograms
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two steps: initialisation and inference. In the initialisation 
step, a pretrained model (see the following paragraph) con-
verts all dictionary videos (later also called the keys) into 
embeddings using a pretrained neural network. During the 
inference step—depicted in the right section of Fig. 2—the 
same embedding model converts the current input video, 
the query, into its corresponding embedding. Finally, the 
dictionary entries that are most similar to the query are 
identified by comparing the query embedding with all key 
embeddings. In contrast to [36], which compared embed-
dings with the Euclidean distance measure, this comparison 
uses the attention mechanism described by Bahdanau et al. 
[53] as this resulted in a slightly better performance.

A robust sign embedder is the first crucial element of this 
technique. We used a similar architecture as in the original 
approach [36], but achieved a considerable improvement in 
performance by selecting a more suitable dataset for pre-
training. The original model was trained on a VGT Corpus 
[37] dataset of cut-out segments from continuous signing. It 
contains samples from 292 signs, but its class distribution 
is very unbalanced and the most common signs are also the 
simplest ones: various forms of pointing signs. We conjec-
tured that the resulting lack of richness could be a core rea-
son for the rather poor performance of the resulting search 
model. An additional cause may be the fact that the cut-out 
segments retain co-articulation transients from preceding 
and succeeding signs and are not recordings of signs in their 
citation form. This is a form of variability that is not present 
in dictionary videos and therefore reduces the classification 
accuracy through domain mismatch.

While a much larger VGT dataset could solve these 
issues, this is not available. Instead, we released the lan-
guage restriction and opted instead for a rich dataset with 
many variations between different signs. For this reason, 
we chose ASL-Citizen [54] due to its sizeable vocabulary 
and balanced class distribution. This dataset consists of iso-
lated sign recordings. Additionally, ASL-Citizen is a crowd-
sourced dataset described as a collection of “signs in the 
wild", where DHH individuals record themselves signing 
via webcam, ensuring a diverse and representative sample. 

boosted model performance, SignBuddy’s backend per-
forms dictionary search not in the entire dictionary, but 
in a large subset of the dictionary. By adapting the size 
of this dictionary subset, we create a positive feeling for 
SL technology, avoid frustration and increase the likeli-
hood that users will be willing to contribute more than 
one sign.

6.	 Variety of collected data We want to cover as many 
signs as possible. However, if we immediately cover all 
signs, the number of collected samples per sign will be 
low. For this reason, we select signs from a limited set 
of 200 signs at any given time. Once ten samples of 
a specific sign have been collected, it is replaced with 
a new sign from the dictionary. This dynamic rotation 
ensures a diverse range of signs is sampled with a rep-
resentative number of samples for each entry. At pres-
ent, newly added signs are randomly selected. In the 
future, we may slightly steer this selection process to 
avoid selecting signs that are very similar to the ones we 
already have and expand towards types of signs that are 
not yet represented in the collected data.

7.	 Pertinence of collected data Aside from the sign record-
ing, SignBuddy also collects other user inputs, i.e., 
whether the user is proficient in sign language and user 
feedback on sign similarity. We ensure that the collected 
data is workable by constraining the number of input 
possibilities using checkboxes. Dictating the shape by 
which this information is provided, makes the collec-
tion more interpretable. Additionally, by questioning 
the highest-ranked erroneous predictions, we ensure 
that the collected feedback reflects relevant model 
confusions. This brings relevant shortcomings to light, 
driving SLP research in a direction substantiated by 
user feedback.

4.2  Searching through the VGT dictionary

To provide an initial version of the search functionality 
that underlies SignBuddy, we have built upon the one-shot 
classification approach described in [36]. This consists of 

Fig. 2  Internal processing pipeline of SignBuddy: Keypoint extraction is performed locally on the user’s device, and the recognition and prediction 
are conducted on a remote server
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4.3  Overview of the SignBuddy interface

The dictionary search approach detailed above is presented 
to the user with a web interface integrated into the existing 
VGT-Dutch dictionary. During the integration phase, mem-
bers of DHH-C were consulted to give feedback on the user 
friendliness and overall appearance of the interface. Figure 
4 outlines the user’s interaction with SignBuddy, which 
consists of six sequential steps. All information is provided 
in written Dutch and in signed VGT, in some cases clari-
fied with pictograms. First, the user receives usage informa-
tion and acknowledges participation (Fig. 4a). The user is 
informed about SignBuddy’s purpose, and about the data 
privacy, i.e., that the recorded videos are only processed on 
their own device but their pose keypoints are processed and 
stored on a remote server. Users can access more informa-
tion by clicking the highlighted “hier” (here), which directs 
them to a second page containing detailed explanations-
available in both VGT and Dutch-about the project, its 
goals, and how their data is handled. Upon providing con-
sent by clicking the acknowledgement button, the user pro-
ceeds to the next screen.

On the second screen (Fig.  4b), the user is asked to 
indicate whether they are proficient in sign language by 
selecting one of three options: ‘No’, ‘A bit’, or ‘Yes’. We 
deliberately refrain from asking about users’ hearing sta-
tus, as this does not necessarily reflect their proficiency in 
VGT. For instance, individuals who suffered from hearing 
loss later in life may not have acquired any VGT. Therefore, 
the self-reported sign level is far more informative for this 
study. While the ultimate goal of SignBuddy is to enable 
accurate dictionary search, the current phase focuses on col-
lecting targeted signs for analysis. For this purpose, the sec-
ond screen also presents the prompt, i.e., the sign the user 
is asked to replicate. Admittedly, providing an example sign 
limits variability of the collected signs. However, it also 
ensures a more balanced sampling of signs across partici-
pants. Moreover, this inter-sign limitation does not hamper 
the intra-sign variation—i.e. variation of execution. Individ-
ual signing styles remain distinct, which is equally impor-
tant to capture when collecting representative sign data.

On the next screen (Fig. 4c), the system allows the user 
to record themselves performing the given sign. The exam-
ple video is still available on this screen, in case the user 
wants to review it. When the recording button is pressed, a 
three-second countdown begins, followed by four seconds 
of recording time. During this window, the user sees them-
selves with keypoints projected onto their body. They can 
redo the recording as many times as needed before pressing 
the send button. Only the final attempt is transmitted to the 
remote server.

Both of these properties make it better aligned with our 
evaluation setup than the original VGT corpus dataset.

UGent trained and optimised an embedder using ASL-
Citizen classification, on which it achieves state-of-the-
art performance. More details about this can be found in 
Appendices A and B. To evaluate the quality of the new 
pretrained model as an embedder for dictionary search, we 
used the same lab-sourced validation set as in [36]. Figure 3 
compares its performance to that of the original model from 
[36]. The results show a huge improvement, confirming our 
assumption that the size of and variation in the pretraining 
dataset and its alignment with the evaluation task are more 
important than using a dataset from the same sign language. 
These results also demonstrate the large impact on perceived 
success rate by displaying the 6 most similar signs from the 
dictionary, instead of only the most similar one.

As is also clear in Fig. 3, the success rate of the que-
ries drops considerably as larger parts of the dictionary are 
searched. Based on our small validation set, the Recall@6 
on the full dictionary for PF-ASL is estimated at 0.696. 
However, this validation set was originally created to per-
form user experiments among non-signers, so the selection 
of signs favoured signs that were easily recognizable and 
not very complicated or nuanced. We therefore suspected 
that the difficulty of this set is not representative for the 
whole dictionary, a suspicion that is confirmed by the ini-
tial results described in Sect. 5. By initially constraining 
the search space to a subset of one thousand signs (from 
11,248), UGent and VGTC agreed to build in some mar-
gin to guarantee a sufficiently high perceived success rate 
when SignBuddy was released. For a vocabulary of 1000, 
this yields a Recall@6 of 0.923 on the validation set (com-
pared to 0.696 for the complete dictionary). As we have now 
established that our model has achieved the required mini-
mal Recall for well-executed signs (cf. Sect. 6), we will now 
remove this restriction.

Fig. 3  Recall@1 and Recall@6 for dictionary search on the lab-
sourced evaluation set. PF-VGT refers to results with the original 
embedder from [36], whereas PF-ASL relates to results obtained with 
the new embedder, trained on ASL-Citizen

 

1 3

Page 11 of 27     45 



Universal Access in the Information Society           (2026) 25:45 

Fig. 4  Overview of the SignBuddy interface
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5  What we can learn from the collected user 
data

The following section employs the same structure for each 
subsection. We first analyse the results and then summarise 
all insights briefly. In Sect. 5.1, we report the number of 
collected signs and present a brief evaluation of the model 
to offer an overall perspective. Thereafter, we give a more 
thorough evaluation of the employed model (Sect. 5.2). 
Next, we qualitatively analyse the collected keypoint data 
(Sect. 5.3) and conclude this Sect.  by evaluating the user 
feedback (Sect. 5.4).

5.1  Data properties and model performance

5.1.1  Analysis

At the time of writing, approximately one year after Sign-
Buddy’s public release, a total of 1868 samples have been 
collected, with examples of 377 unique signs in total.8 1120 
of those samples come from users who indicated they have 
“proficient in sign language”,9 (318 unique signs) and 748 
from people without sign proficiency (327 unique signs). 
The intersection of both sets contains 268 unique signs. On 
average, there are 5 samples per sign class.

The samples provided by people with sign language pro-
ficiency were mainly collected during a few organised col-
lection moments for DHH users, but a call to contribute was 
also distributed through social media. Similarly, a large frac-
tion of the samples from non-signing hearing persons were 
collected at events for science popularisation, in addition to 
calls through various channels. Finally, a link to SignBuddy 
was added to the starting page of the VGT dictionary, to 
collect samples from people who already know and use it.

Figure 5 shows the average dictionary search perfor-
mance for each subgroup (henceforth called signers and 
non-signers), and compares it to the search performance on 
our validation set. Each sample is tested against 100 inde-
pendently sampled subsets of the dictionary. Over these 
separate tests, we report the mean Recall@6 along with its 
standard deviation.10 Furthermore, for the samples collected 

8  As SignBuddy is still active, the data set is still growing. The num-
bers reported in this section will be updated if/when the paper is 
accepted. We also plan to publicly release a considerable part of the 
collected data for research purposes.

9  Participants could indicate their proficiency level of sign language 
by selecting one of three options: Yes A bit, or No. Since the response 
a bit was considered too ambiguous, these participants were grouped 
with those reporting no prior sign language proficiency, effectively 
ensuring the proficiency level of the group with sign language 
proficiency.

10  The largest dictionary size, comprising the entire dictionary, can-
not be randomly sampled. Therefore, its standard deviation is reported 

The web interface visualises predictions for the top six 
potential matches on the fourth screen (Fig. 4d). The correct 
sign (if present) is indicated with a large green check mark. 
The user is also asked to give feedback on the predictions 
by pressing the orange button at the bottom of the screen.

By agreeing, they proceed to the fifth screen (Fig. 4e), 
where they are asked to answer some questions about the 
highest-ranked erroneous prediction generated by the sys-
tem. The user is presented with the video for this sign and 
asked to evaluate how accurately the hand shape, location, 
movement, and mouth pattern match the sign they per-
formed. For each feature, users can select from four options: 
‘Yes’, ‘Slightly’, ‘No’, and ‘I don’t know’, each accompanied 
by a corresponding icon. After giving feedback or indicat-
ing they do not want to give feedback, the user is thanked 
for their contribution and asked if they want to progress to 
another sign (Fig. 4f).

The technical steps that are executed between screens 
three and four are illustrated in Fig. 2. The user’s keypoints 
are predicted locally on their device to ensure anonymity 
and reduce server-side processing. These keypoints are then 
transmitted to the remote server and processed using a Pose-
Former model to generate embeddings for one-shot classi-
fication, as detailed in Sect. 4.2. Finally, the system returns 
the top six ranked matches to the user. The keypoints, the 
sign that was executed and the feedback are stored on the 
remote server. This allows us to use the recorded data to 
evaluate future improved models and compare model align-
ments using the user feedback.

Fig. 5  Mean Recall@6 with (±2 standard deviation bands) for large 
dictionary search with set permutation of the SignBuddy-collected 
data, based on the level of sign language proficiency. We repeat the 
mean Recall@6 curve from Fig. 3 as “lab-sourced set”
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in that dataset and may yield an unreliable view on similar-
ity for signing patterns that are very different from the signs 
in the training set.

Based on these considerations, we would expect the 
model to not work as well for VGT dictionary signs that are 
very different from signs in the training set and work best 
for signs that correspond to dense regions in the training set, 
i.e., regions in which multiple similar signs occur (because 
the model will be proficient at recognising such signs). In 
addition, since our approach searches the dictionary for the 
signs that are most similar to a query, we expect it to be 
less effective in discriminating between dictionary signs that 
are very similar, which correspond to dense regions of the 
dictionary.

In order to quantify whether these insights are reflected 
in the collected data, we used a measure for the local den-
sity of a sign data set around a given embedding vector. The 
measure we use is based on cosine similarity,11 which is one 
of the most commonly used similarity measures to compare 
vectors. More specifically, we identify the six data set sam-
ples that are most similar to that vector and use the similar-
ity to the sixth nearest neighbour as a local density measure. 
We specifically use the sixth nearest neighbour to align with 
SignBuddy’s interface, which prioritises the top six predic-
tions, thereby reflecting interactions between the users and 
SignBuddy. To quantify the local density of an embedding 
in the dictionary, we compare with the key embeddings. 
To evaluate the local density in the training set, we com-
pare with class embeddings, for which we use the average 
embedding across all training set samples of each class.

We first analyse the overall alignment between the local 
densities of the training set, the dictionary and the signs that 
occur as queries in the data collected thus far in the two 
panels of Fig. 6. The coordinates of each point in these plots 
are the local densities of the key embedding vectors in the 
dictionary (on the x-axes of both panels) and in the ASL-
Citizen training set (on the y-axes). Lower values of these 
densities correspond to sparser regions of the embedding 
space, while high values correspond to dense regions.

Both panels show the collected data as coloured dots, 
each with a different set plotted in gray in the background. 
The left panel shows the local densities for all dictionary 
keys, while the gray dots in the right panel correspond to the 
same densities for the training set classes. Each coloured 
dot corresponds to a sign that occurs in the collected data. 
Its colour reflects the average cosine similarity of the query 
embeddings for that sign and its corresponding key embed-
ding. It is a measure for how well our embedder perceives 
the queries and the key for that sign as similar.

11  Cosine similarity is defined as the normalised dot product between 
two vectors. Its values lie between -1 (opposite vectors) and +1 (simi-
lar vectors). Formula: cos(A, B) = A·B

∥A∥∥B∥

from signers, our approach achieved a Recall@6 of 0.534 
on the complete dictionary, compared to 0.414 for non-sign-
ers. First, these results are a lot lower than what we obtained 
for the validation set (also shown in Fig. 3), which confirms 
our initial suspicion that the validation set was relatively 
easy, in comparison with a randomly sampled subset from 
the entire dictionary.

Also, we observe a significant difference between the 
success rates for signers and for non-signers. This difference 
may in part be explained by the different settings in which 
the (bulk of the) data for each subgroup has been collected 
and possibly also by different motivations of the participants 
in each group. However, as we were present to observe the 
recording of a large part of the collected samples, we have 
noticed that at least part of the difference is due to the fact 
that non-signers often miss the finer nuances of correct sign 
execution.

5.1.2  Insights

It is crucial to collect a varied and representative evaluation 
set: the validation set of [36] was too narrow and provided 
an overly optimistic view of model performance. Moreover, 
our decision to ask users for their signing proficiency is 
supported by our data: there is a clear difference between 
the model’s performance for signers and non-signers. The 
collected signer proficiency metadata facilitates our error 
analysis.

5.2  Analysing the quality of the embedder

5.2.1  Analysis

One of the things we may learn from the SignBuddy data 
is the suitability of the used training set. In particular, we 
expect that enlarging the training set, e.g., by combining 
data across multiple sign languages, would further improve 
performance. However, earlier attempts at doing so yielded 
disappointing results. This suggests that we need a more tar-
geted approach of adding data for specific signing patterns 
for which the initial SignBuddy model does not perform 
well.

A first step towards this is to analyse how well the sign 
patterns that occur in the dictionary align with those in the 
training set. When training a model on a given classification 
dataset, it is optimised to discriminate between the classes 

as zero. In general, the standard deviation remains relatively small. 
For all three test sets, the largest standard deviation occurs at a dic-
tionary size of 5000. Specifically, we observe standard deviations of 
0.0046 and 0.0050 for the signers and non-signers, respectively, and 
0.0106 for the lab-sourced set. This observation is expected, since the 
SignBuddy-collected data covers a wider range of unique signs, and 
therefore is less sensitive to the dictionary composition.
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rank12 of the recognition to quantify the recognition quality 
for each query in Fig. 7. Each of the three panels in Fig. 7 
gives a different view on regions of poorer model perfor-
mance. Since we use Recall@6 as a global quality measure, 
all predictions with ranks up to 6 count as successful. In 
all panels, as expected, we see a clear correlation between 
the similarity between query and key and the recognition 
rank, but together, they give a more nuanced view on model 
performance. In order to establish whether a trend exists 
between local densities and model performance, the median 
rank for different regions of the local density is shown in 
black on each panel.

In the top panel, the x-coordinate of each point reflects 
the local density in the dictionary around the key embedding 
for that sample. Based on the reflection that in dictionary 
regions with higher density (multiple similar signs), clas-
sification would be more difficult, we would expect to see a 
median trendline that rises towards larger densities. Such a 
trend would mean that our model needs to be better adapted 
to the specific signs in the VGT dictionary, for example by 
language-specific fine-tuning. In practice, the increase we 
see for the current sample is very small and probably not 
significant. We conclude that language specific fine-tuning 
is not the first priority on the road to model improvement.

In the middle panel, the x-coordinate of each point 
reflects the local density in the training set around the key 
embedding for that sample. From Fig. 6, we learned that the 
dictionary and the training set do not quite align: part of the 
dictionary signs are in sparse regions of the training set. Our 
embedder may be less accurate in those regions: we would 
expect to see a median trendline that decreases towards 
higher densities in the training set. We indeed observe such 

12  The rank of a search result is where it appears in the list of all search 
results: if the result is first, its rank is 1. If it is second, its rank is 2, 
and so on.

In the left panel, each dot (coloured or gray) corresponds 
to a sign example from the dictionary, so in this case, the 
coloured dots are a subset of the gray dots in the back-
ground. It illustrates that the collected classes span a diverse 
subset of the dictionary, exhibiting no apparent outliers 
while encompassing varying density levels of the dictionary 
entries—from tightly clustered to more dispersed regions. 
In contrast, when compared to the same measurements for 
ASL-citizen (grey points on the right panel), a considerable 
part of the collected data originates from sparser regions of 
the training set embedding space. This aligns with expec-
tations, as ASL and VGT are distinct sign languages with 
divergent linguistic structures, which likely reduces embed-
ding similarity when a model trained on one language (e.g., 
ASL in PF-ASL) processes signs from another.

However, what Fig. 6 does not show, is any clear relation 
between local densities and the average similarity between 
queries and keys (i.e., there is no distinguishable pattern in 
the colours of the points). Based on visual inspection of the 
keypoint sequences that are used as model inputs, we have 
noticed that there is often considerable difference between 
different queries for the same sign. The results in Fig. 6 sug-
gest that, based on the current sample, these individual dif-
ferences are more important for the overall performance of 
the model than the general misalignment between the train-
ing set and the dictionary. Some of these differences and 
their underlying causes will be highlighted in Sect. 5.3.

To get a better understanding of the relation between the 
recorded signing patterns, the alignment between training 
set and dictionary and the recognition quality, we now anal-
yse all individual collected samples (so without averaging 
them per sign). In addition to the similarity between query 
and key (again used as marker colour), we now visualise the 

Fig. 6  Visualization of local density in the dictionary and the training 
set. (Left) Alignment of dictionary queries (coloured) with the diction-
ary keys (grey). (Right) Alignment of dictionary queries (coloured) 

with the training set classes (grey). The colours indicate the mean of 
all cosine similarities of one key to all of its queries
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to cluster to the left (low density). Similarly, executions 
with high similarity (low rank) to their corresponding key 
occur more frequently in high density regions of the diction-
ary. The median trendline confirms that points with very low 
values typically result in poor recognition (high rank), while 
the relation between rank and density disappears for higher 
density regions. From Fig. 6, we already learned that some 
keys themselves lie in low-density regions. However, this 
plot shows a very strong impact on performance of samples 
that are more misaligned with the dictionary than their cor-
responding key. Surprisingly, we also see a few samples 
with very poor recognition in high density regions. Overall, 

a trend, and also see an increased rank for very high density 
regions (the trendline goes up to the right), for which we do 
not have an immediate explanation. However, we still con-
clude that it may be useful to try to extend the training set 
in a targeted way with classes from other data sets (possibly 
in other languages) to extend the variation between signs.

Finally, in the bottom panel, the x-coordinate of each 
point reflects the local density in the dictionary around 
the query embedding for that sample. While in the previ-
ous two panels, we see no clear relation between colour 
and local density, we see on this panel that executions that 
poorly resemble their dictionary example (high rank) tend 

Fig. 7  Rank as a function of (Top) local density in the dictionary 
around the key embedding, (Middle) local density in the training set 
around the the key embedding, and (Bottom) local density in the dic-

tionary around the query embedding for each collected sample. This 
figure illustrates how the density in the dictionary and training set 
influence the search results and where the correct search result appears
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1.	 Keypoint quality has a large impact on model accuracy. 
Unlike in lab-controlled setups, SignBuddy’s real-
world deployment introduces considerable variability 
in recording conditions, such as lighting conditions, 
camera type, or distance from the camera. When these 
do not match the usage conditions of MediaPipe, they 
often result in incomplete or noisy hand landmark detec-
tion. This poses a significant issue, given the reliance of 
sign language recognition on precise hand articulation. 
If hand keypoint inaccuracies occur in most or all of 
the frames that contain the most essential parts of the 
sign execution the sign becomes unrecognisable from 
the keypoints, even for humans. We found several cases 
in which frequent failures to detect hand keypoints in 
key frames directly degraded the recognition accuracy. 
In some cases, other systematic errors in pose estima-
tion (e.g., misaligned joints or spurious keypoints) fur-
ther compound this challenge, particularly for signs in 
the VGT dictionary that require fine-grained manual 
distinctions. A second major concern is frame incon-
sistency. MediaPipe’s in-browser real-time processing 
often fails to keep pace with incoming video streams, 
leading to dropped frames and unstable effective frame 
rates. The top part of Fig. 8 highlights this issue, dem-
onstrating a misalignment between the nominal frame 
rates of common webcams and the actual number of 
frames in the collected keypoint sequences which 
all originated from a recording of the same duration. 
This inconsistency disrupts the temporal convolutions 
of PF-ASL, which assume uniformly sampled input. 

we conclude that properties of (the keypoints of) individual 
samples have the strongest impact on model performance. 
These will be further investigated in Sect. 5.3.

5.2.2  Insights

The pretraining of our model on ASL and using it on VGT 
leads to the VGT dictionary entries occupying a sparser 
region of the model’s embedding space due to the lan-
guages’ differences. Yet, the majority of the errors made 
during retrieval stems from (lack of) query quality, and not 
from this language mismatch. We do not observe a trend 
that would suggest that we would benefit from fine-tuning 
our model to VGT data. However, targeted data collection 
to increase the variety of the pretraining set by adding new 
sign categories could help improve performance.

5.3  Qualitative assessment of failure cases

5.3.1  Analysis

As the previous analyses indicated that specific properties 
of individual keypoint recordings have a strong impact on 
model performance, we performed a visual inspection of the 
collected keypoint sequences, in comparison with those of 
their respective dictionary entries. Like the section about the 
driving design choices (Sect. 4.1), we structure this section 
around shared concepts between the observations. We pro-
vide example illustrations of failure cases due to some of the 
listed effects in Appendix C. 

Fig. 8  The top plot shows the number of collected samples of signers for each frame count. Colors indicate the proportion of correctly predicted 
samples within a given top-K rank. The bottom plot shares the same x-axis and presents the corresponding Recall@K values
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wand is not very restrictive. In this case, the query is 
a correct variation of the sign but the location and the 
direction of the movement are different and the result-
ing similarity between query and key is low (0.31).

4.	 Label-Noise from Invalid User Input represents a final 
challenge for SignBuddy’s performance. A subset of 
recordings deviates entirely from the prompted sign, 
comprising two distinct types of noise. The first type 
is non-sign gestures. Users (signers and non-signers) 
occasionally perform arbitrary movements unrelated 
to any valid sign (e.g., erratic arm motions), generat-
ing inputs with no semantic correspondence to the VGT 
corpus. In the second type, the users deliberately exe-
cute signs different from the prompted target to evaluate 
system robustness. While these recordings may exhibit 
high recording quality (e.g., clear keypoints), their 
intentional label mismatch introduces noise for evalu-
ation. Both types of label-noise create a misalignment 
between input data and ground-truth labels, artificially 
inflating error rates. In an open data-collection, which is 
performed largely without supervision, this is unavoid-
able: participants may sometimes be tempted to chal-
lenge the system.

5.3.2  Insights

Since keypoint quality has an impact on our model accu-
racy, it is crucial that keypoint estimators are improved in 
two aspects: depth estimation should become more robust, 
and keypoint estimators should incorporate some form of 
temporal tracking. Although such errors could be mitigated 
by a more robust keypoint estimator, no lightweight, state-
of-the-art solution is currently as widely supported as Medi-
aPipe. Nevertheless, simply adjusting the recording phase 
in SignBuddy (see Sect. 6) could yield additional improve-
ments. Additionally, since certain signs have some leeway in 
their execution (e.g., the orientation of the aforementioned 
FEE/fairy), recording multiple exemplary sign variations 
and performing retrieval using k-Nearest-Neighbor clas-
sification could make retrieval of such signs more robust. 
Having recordings of several variations of signs could also 
benefit linguistics research. Finally, these findings under-
score the need for robust input validation mechanisms to fil-
ter invalid samples before using them for training or testing. 
In a future deployment scenario, filtering out invalid inputs 
can also enhance the system’s credibility.

Compounded by the inherent limitations of consumer-
grade webcams (typically 15–30 FPS), the resulting 
recorded keypoint sequences often contain insufficient 
temporal resolution to capture rapid sign movements. 
The bottom part of Fig. 8 further reveals a positive cor-
relation between the number of frames and Recall@K 
across different K values, underscoring the need for a 
more robust keypoint recording pipeline.

2.	 Temporal instability and tracking artefacts represent 
a second category of challenges. These issues, while 
affecting a smaller subset of the data, manifest abruptly 
and degrade prediction reliability. First, spurious key-
point trajectories occur when hand landmarks exhibit 
sudden, unnatural shifts-for example, rapid movements 
toward the centre of the frame before, during, or after 
sign execution. These anomalies likely arise from pose 
estimation errors during rapid motion or partial occlu-
sion. Second, hand identity swaps—where left and right 
hand keypoints are misassigned in individual frames—
disrupt the continuity of manual feature tracking. Such 
swaps are common in signs involving crossed arms 
or overlapping hands, where pose and hand detection 
struggle to disambiguate limbs. A final artefact in this 
category is boundary-induced jitter, where keypoints 
fluctuate erratically as hands enter or exit the camera’s 
field of view. This occurs because pose estimators like 
MediaPipe extrapolate keypoints for partially visible 
limbs, without regarding temporal soundness. Collec-
tively, these artefacts corrupt the spatiotemporal coher-
ence of input signs, challenging PF-ASL’s ability to 
isolate discriminative kinematic patterns.

3.	 Variation in sign execution represents a third challenge 
for recognition systems. Here, we distinguish two cases. 
In the first case, signs are executed within acceptable 
human perceptual tolerances of the example video in 
the dictionary, but small rotations of a hand or non-
frontal camera angles (e.g., a signer oriented obliquely 
relative to the camera) can alter the 2D keypoint projec-
tions13 used by PF-ASL, leading to erroneous interpre-
tations. Figures 12 and 14 show examples. These errors 
highlight the model’s sensitivity to camera perspective 
and underscore the need for more robust 3D keypoint 
estimators. A second case is related to the allowed vari-
ability in some sign parameters. While for some signs, 
these are strongly specified, for other signs they appear 
more flexible. Especially the location of the sign is often 
loosely specified as neutral space, which is very broad. 
Figure 15 shows an example of this for the sign FEE-A 
that signifies fairy. It represents the casting of a wand, 
but the precise location or even direction of the virtual 

13  Although MediaPipe’s output is three-dimensional, the depth 
dimension is not accurate for robust sign language classification.

1 3

   45   Page 18 of 27



Universal Access in the Information Society           (2026) 25:45 

Figure 9 visualises these results. The questionnaire is 
optional: out of the 1868 collected samples, 1101 have 
associated feedback. Feedback was mostly given by sign-
ers (954 out of the 1101 collected feedback samples). The 
purpose of this feedback is to analyse whether the quantita-
tive (dis)similarities captured in the embeddings align with 
perceived dissimilarities along different sign parameters. 
Insights obtained from this may again help to identify routes 
for future improvement. Because the non-signer subset is 
relatively small (147 responses, 13.4% of feedback) and 
may be less reliable for technical phonological judgements, 
Figs. 9 and 10 only visualise signer responses.

Remark that the results in Figs. 9 and 10 are derived from 
user assessments and do not directly quantify model per-
formance. Instead, they provide insight into how a set of 
users perceive model confusions and evaluate model errors. 
In general, the parameters that are most often perceived as 
similar between the two compared signs are the hand shapes 
and location of the sign execution. Movement features were 
rated as Similar in 31.2% of the cases. In contrast, the mouth 
is indicated as Not similar 78.1% of the time. This was 

5.4  Collected feedback

5.4.1  Analysis

As mentioned in Sect. 3.2, users are presented with an 
optional short questionnaire for the highest-ranked errone-
ous prediction. We ask them to compare key parameters of 
their performed sign—hand shape, location, movement, 
and mouth pattern—to those of the predicted sign that is 
selected for feedback, i.e., the sign that is most similar to the 
query when this differs from the key, and the second most 
similar sign otherwise. In most cases, this feedback sign has 
a high measured similarity with the query sign according 
to our model. For samples without strong artefacts like the 
ones discussed in the previous section, the provided feed-
back allows us to align measured similarity with percieved 
similarity and gives insight into the relative importance of 
the different sign parameters in the model’s embedded rep-
resentations. If, for example, two signs with very different 
hand shapes have a high measured similarity, these hand-
shapes were not important in the embedding.

Fig. 10  Categorical user feedback of the signers comparing features of the feedback and key signs. These signs are binned according to the cosine 
similarity of the two sign embeddings. We visualise three sign parameters, (Left) handshape feedback, (Middle) location and (Right) movement

 

Fig. 9  Categorical user feedback of the signers comparing features of predicted and performed signs
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(according to our model), and movement may not be cap-
tured to its full extent by the model.

6  From SignBuddy to the first fully scalable 
sign-to-text dictionary

One year after the release of SignBuddy, we added sign-
to-text search to the VGT dictionary. Although the original 
recall@6 criterion of 0.66 was not met on the full collection 
of proficient signer samples, Fig. 8 tells a different story: 
samples with more recorded frames correlate with improved 
retrieval results, often exceeding the established threshold. 
This demonstrates that small alterations to the recording 
pipeline can effectively increase the success rate of searches.

The first—and most important, yet uncomplicated—
improvement is the modification of the sign recording 
process. Currently, the sign video is buffered locally and 
processed by MediaPipe post-recording. This processing is 
performed entirely on the user’s device to ensure no per-
sonal data is transmitted over the internet. This adjustment 
shifts the bottleneck from MediaPipe processing to the 
user’s webcam, allowing more frames to be captured per 
recording.

The second enhancement is an alignment check: before 
pressing the record button, users must ensure their head and 
elbows are visible in the frame. MediaPipe processes a few 
frames in real time before recording to enforce this align-
ment check. Together, these two alterations largely resolve 
the hurdles described in cases 1 and 2 of section Sect. 5.3.1, 
poor keypoint quality and temporal instability. Remaining 
issues, such as missing hands, could be addressed with a 
more reliable keypoint estimator. However, MediaPipe 
remains the most widely accessible option, has tolerable 
processing times and is likely to enjoy the longest support. 
For this long-term perspective, we chose not to replace the 
keypoint estimator itself.

A third and final modification involves shifting the visu-
alisation from Top-6 to Top-9 results. Hassan et al. [52] 
showed that the placement of the desired result on the first 
results screen strongly influences users’ perceptions of dic-
tionary search systems. By modestly increasing the num-
ber of signs displayed, at the cost of slightly smaller video 
thumbnails, we aim to enhance user satisfaction and foster 
a more positive attitude towards SLP technology. On our 
collected data, this final adjustment has a small but nota-
ble effect on retrieval performance, as illustrated in Fig. 8. 
However, as the SignBuddy dataset is as yet too small to 
make highly reliable performance claims, it builds in some 
additional margin.

As a result of these three improvements, the first publicly 
available sign-to-text dictionary search system can now 

expected because detailed mouth keypoints are currently 
not included in the model. Past experiments with the inclu-
sion of detailed facial keypoints have not been successful. 
One possible explanation for this is that the facial keypoint 
extraction in Mediapipe is not sufficiently accurate to cap-
ture any of the finer details of mouth movements beyond the 
mere opening and closing of the mouth. Also, many mouth 
movements reflect those of spoken words in the regional 
language, so the discriminating mouth features may be very 
language specific (explaining why adding mouth patterns to 
a model trained on ASL does not aid in VGT sign recog-
nition). Another possible cause is that not all signers use 
mouth movements. This may also have been the case in the 
training data.

Figure 10 considers the user feedback for hand shape, 
location, and movement for different intervals of cosine 
similarity between the feedback key and the true key. First, 
we see that similarity scores of our model in the highest 
ranges almost always correspond to perceived similarity 
across all three sign parameters. Second, according to user 
feedback, the hand shape often remains similar for many 
sign pairs with lower measured similarity for the hands and 
the location, both dropping rapidly for similarity scores 
below 0.7. For movement, the reported similarities drop off 
much more quickly. This means that identical movement 
patterns are less important to achieve very large similarities 
according to the model.

Based on this initial sample, we can conclude that the 
similarities reported by our model are relatively well aligned 
with perceived similarities for hand shapes and hand loca-
tions, whereas for movement there are at times clear differ-
ences. This suggests that our model may not be sensitive 
to differences in movement, and focuses primarily on hand 
shape and location to classify signs. Even in cases where 
the similarity between the feedback key and true key is low, 
i.e., the signs are very different according to our model, the 
model still tends to favour signs which have a similar hand 
shape and location.

5.4.2  Insights

Based on user feedback, performance could be improved by 
incorporating accurate mouth pattern recognition to distin-
guish between minimal pairs.14 Possibly, the mouth pattern 
recognition model should be language-specific, because 
mouthings used in a sign language are often linked to the 
regional spoken language (e.g., ASL-English, VGT-Dutch). 
Hand shape and location are often perceived to be correct, 
even when the feedback sign is dissimilar from the key sign 

14  Two signs form a minimal pair if they differ in only one articulatory 
parameter, but all other parameters are identical.
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Moreover, many of the failure cases of our model are due 
to keypoint mistakes, as illustrated in Sect. 5.2 and further 
categorised in Sect. 5.3.

The quality limitations identified in Sect. 5.3 largely 
stem from MediaPipe’s inconsistent keypoint detection, 
particularly under real-world conditions (e.g., occlusion, 
rapid motion). However, these artefacts do not negate the 
rationale for selecting keypoint-based input—namely, effec-
tive anonymization and computational efficiency through 
dimensionality and noise reduction. To address detection 
errors, we propose augmenting the prediction pipeline with 
an out-of-distribution (OOD) check. As evidenced in Sect. 
5.1, recordings with low accuracy scores map to sparser 
regions of the pretrained embedding space, likely reflecting 
anomalous inputs (e.g., incomplete keypoints, erratic trajec-
tories). By flagging such OOD samples during inference, 
the system can prompt users to re-record signs more mind-
fully, thereby mitigating: poor keypoint quality (Case 1); 
temporal instability (Case 2); label-noise (Case 4). While 
more robust keypoint extractors exist [55, 56], these are 
generally more compute-heavy than MediaPipe and there-
fore not suited for edge deployment on many of our users’ 
devices.

Another important factor related to MediaPipe’s key-
point prediction accuracy is linked to SignBuddy’s one-shot 
classification approach. If the keypoint predictions for the 
key sign are particularly bad, all queries that do not exhibit 
the same artefacts will by default obtain bad similarity 
scores. An example of such a sign is RIJ-A, depicted in Fig. 
11. In such cases, which can be automatically detected and 
flagged, it is sensible to (manually) correct the keypoints of 
the key sign recording.

These analyses lead us to selecting these two main 
avenues for improving SignBuddy’s performance: (1) cor-
recting erroneous keypoint predictions in key signs; (2) 
improving the training set variety to populate sparse regions 
of the model’s embedding space. Moreover, we will thor-
oughly analyse and clean the collected data to reduce label 
noise to obtain a more accurate estimate of the true perfor-
mance of the search functionality.

be tested at ​w​o​o​r​d​e​n​b​o​e​k​.​v​l​a​a​m​s​e​g​e​b​a​r​e​n​t​a​a​l​.​b​e​/​d​i​r​e​c​t​-​r​e​
c​o​r​d, marking a significant step towards accessible, user-
centered sign language technology. Obviously, there is still 
room for improvement to the model, so the collaboration 
between VGTC and UGent continues.

7  Future work

This section summarises the insights gained from our data 
analysis and provides three main avenues for improving 
SignBuddy’s performance. It can serve as a guideline for 
future research efforts that would want to set up similar 
applications for different sign languages.

Our first finding—while highly anticipated—is quan-
titatively validated within this work: in-domain training 
significantly impacts application performance. As shown 
in Sect. 5.1, the model achieves reliable classification for 
signs embedded in dense clusters within ASL-Citizen but 
underperforms on linguistically distinct signs. Notably, we 
caution against conflating same-language pretraining with 
in-domain training. For SignBuddy—a tool for VGT—pre-
training on the largest available VGT dataset [37] yields 
poor performance due to domain mismatch (e.g., sections 
from continuous signing or signers positioned at an angle) 
and Zipfian class distribution (i.e., very few samples for 
most of the signs). Instead, we advocate for in-domain 
training, where datasets align with the evaluation task in 
both represented language and sourcing validity (e.g., web-
cam-captured signs with similar variation to the real-world 
dictionary of evaluation). The latter is exemplified by ASL-
Citizen’s web-sourced data, which enhances accuracy by 
mirroring real-world deployment conditions.

From the qualitative analysis in Sect. 5.2, we can draw 
the following conclusions. The language mismatch from 
ASL training to VGT inference is a non-issue: even though 
signs in the dictionary are mapped to a sparse region of the 
ASL embedding space, the performance does not suffer. 
Therefore, language specific fine-tuning should not be the 
main priority for model improvement. What is more critical 
is the quality of query and key signs: as we saw in Sect. 5.1, 
the performance is higher for signers than for non-signers. 

Fig. 11  The key for RIJ-A contains several artefacts due to MediaPipe’s mistakes
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principles—starting from DHH leadership, and persistent 
attention to managing expectations, dismantling structural 
ableism, diversifying user participation and recognising 
invisible labour—can lead to the realisation of sign lan-
guage processing (SLP) technologies that genuinely serve 
the DHH community. Guided by seven core principles—
(1) accessibility, (2) inclusivity, (3) usability and clarity, (4) 
privacy, (5) user engagement, and (6) data collection vari-
ety and (7) collected data pertinence—we prioritised both 
ethical and pragmatic design (principles 1–5) and empirical 
rigour (principles 6–7). These principles ensured that user 
contributions directly informed technical insights for the 
applications to come.

The resulting application, SignBuddy, is a data collec-
tion tool. Its developement enabled the release of the first 
ISLR model that can search through over ten thousand signs 
in the VGT-Dutch online dictionary. The underlying model 
achieves state of the art performance on ASL-Citizen, and 
can be applied in a one-shot setting to data from a different 
language without language-specific fine-tuning.

Furthermore, we provide insights derived from a real-
world sign language application. We discover several 
potential research paths by conducting quantitative and 
qualitative inspections of the gathered data. By bridging co-
design with computational innovation, this work advances 
the broader objective of sign language technology research: 
to develop equitable tools that empower DHH communities 
through reliable, accessible applications.

The tangible outcome of this collaboration is the first 
fully scalable and publicly available AI-based sign-to-text 
dictionary search system, transforming an academic proto-
type into an accessible public resource. More broadly, this 
work illustrates that technological innovation in SLP does 
not solely depend on algorithmic advances but on equitable 
partnerships that bridge linguistic, cultural, and technical 
expertise. By grounding research in co-creation, we ensure 
that future systems evolve in dialogue with the communi-
ties they aim to support—laying the foundation for a new 
generation of inclusive, transparent, and socially sustainable 
sign language technologies.

Appendix A: PoseFormer pretraining

Underlying SignBuddy’s search system is the PoseFormer, 
an ISLR model that combines convolutional neural net-
works with self-attention [18]. This model was chosen for 
three reasons:

	● the inputs to this model are keypoint sequences obtained 
with MediaPipe [26]: this aligns with SignBuddy’s pri-
vacy goal,

8  Reflections on the co-creation process

Our collaboration confirms that co-creation is not merely 
the presence of a shared goal or a formal agreement; it is 
shaped by the practical conditions under which partners 
work together. In reviewing the process through the lens 
of the five lessons proposed by De Meulder et al. [2], we 
observed that some principles were foundational, while oth-
ers emerged as ongoing challenges rather than steps to be 
“checked off.”

The most decisive factor was Lesson 5: redistributing 
power through DHH leadership. Beginning with DHH lead-
ership—rather than gradually incorporating it—created the 
conditions for genuine co-creation. Decisions taken early 
on by VGTC shaped the project’s goals, tone, community 
approach, and accessibility measures. This confirmed that 
redistributing power is not the final step of co-creation but 
the structural starting point.

Lessons 2 and 3—managing expectations and disman-
tling structural ableism—proved to be less about one-off 
project planning and more about continuous negotiation. 
Transparent communication, repeated clarifications about 
what AI can and cannot do, and the need to align work-
ing capacities across partners required persistent attention. 
These lessons were not abstract principles: they directly 
prevented misunderstandings, unrealistic expectations, and 
friction in workload distribution.

Diversifying user participation (Lesson 4) emerged as 
a pragmatic necessity. Recruitment through public-fac-
ing channels rather than the personal networks of DHH 
researchers reduced community fatigue and prevented the 
over-reliance on specific people or groups that often accom-
panies small linguistic communities. This diversification 
was not an added benefit but a corrective to common pat-
terns of extraction described by De Meulder et al. [2].

Finally, our collaboration highlighted that Lesson 1—rec-
ognising and resourcing invisible labour—is the area where 
co-creation most easily slips into imbalance. Community 
mediation, trust-building, and accessibility decisions were 
consistently carried by DHH partners. This remains the les-
son that demands the most vigilance moving forward.

9  Conclusion

This paper describes the conceptualisation, realisation, and 
evaluation of SignBuddy, emphasising challenges inherent 
to the real-world deployment of sign language technolo-
gies. We detail a co-creation methodology grounded in a 
close collaboration between VGTC and Ghent University, 
ensuring the tool’s alignment with user needs and lin-
guistic authenticity. We demonstrate how the co-creation 
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MRR = 1
N

N∑
i=1

1
ri

.� (A1)

nDCG is similar to MRR, but it considers the ranks of all 
correct predictions, favouring relevant results that occur 
earlier in the ordered list of model predictions. Since in our 
case search results are either correct or incorrect, we define 
the relevance of a search result as a binary value: it is 1 
when the prediction ŷ is equal to the ground truth label y, 
and 0 otherwise. The DCG can be computed for a single test 
example by considering the ordered list of M predictions. 
For an expected ground truth label y, the DCG is equal to

DCG =
M∑

j=1

1ŷj=y

log2(j + 1)
.� (A2)

nDCG is the normalised version of DCG. This normalisa-
tion is done by dividing the DCG by the ideal DCG (IDCG). 
IDCG is the DCG of the optimal ranking. In our specific 
case, with only one relevant item, the IDCG is always equal 
to one. Therefore the nDCG simplifies directly to DCG:

nDCG = DCG
IDCG

= DCG.� (A3)

We compute the DCG for all N test examples and report the 
mean.

Given that there is only one relevant item per prediction 
(its label), the interpretations of MRR and DCG are similar 
in this scenario. The key difference is that the inverse of 
the MRR is the harmonic mean of the ranks of all predic-
tions, which provides an alternative view of the results. For 
both the MRR and the DCG, higher is better and a value 
of one indicates optimal performance. All three metrics—
Recall@K, MRR, and DCG—are used to evaluate both pre-
training and dictionary lookup.

Finally, we employ cosine similarity to quantify the 
angular distance between embedding vectors in the model’s 
latent space. Mathematically, cosine similarity is defined as 
the dot product of two vectors divided by the product of 
their magnitude (L2 norms), yielding a normalised measure 
within the range [−1, 1]. Values closer to 1 indicate high 
similarity, while values approaching -1 signify dissimilar-
ity. In the context of isolated sign recognition, this metric 
reveals how the model clusters related signs. Formally, the 
cosine similarity between two vectors x and y is defined as

cos(x, y) = x · y
∥x∥∥y∥

.� (A4)

	● the model has an architecture similar to the top solutions 
of a recent Kaggle competition for MediaPipe-based 
ISLR [28]: this illustrates that it is a powerful architec-
ture, and

	● pre-trained versions of this model on various sign lan-
guages are available on the HuggingFace hub.15We 
trained this model in a supervised manner on the ASL-
Citizen dataset [54]. We optimise categorical cross-en-
tropy during training, with a batch size of 64 and learn-
ing rate of 0.0003. We reduce the learning rate when 
the validation set accuracy plateaus, and employ early 
stopping. There are 4 8-head self-attention layers, with a 
dropout probability of 0.2. Every frame in the keypoint 
sequence is embedded onto a 160-dimensional embed-
ding space. These values were obtained after extensive 
hyperparameter tuning.

Using these settings, we achieve competitive results on 
ASL-Citizen, outperforming the previous state of the art by 
12% Recall@1, 0.1 MRR and 0.079 nDCG (these metrics 
are explained in Appendix B). This is illustrated in Table 2.

Appendix B: Evaluation metrics

Multiple evaluation metrics are employed to ensure robust-
ness across diverse experimental contexts. Among these, 
we emphasise mean Recall@K for K ∈ [1, 2, 4, 5, 6, 10]. 
Recall@K quantifies the frequency with which the ground-
truth sign class appears in the model’s top K predictions. The 
selected K values serve distinct purposes: K = 1 − 5 − 10 
aligns with standard benchmarks for state-of-the-art com-
parisons, while less frequently used K values (e.g. K = 6) 
reflect the SignBuddy-user experience. However, the inter-
pretation of the metric remains the same. The recall at any 
given K reflects how many times the correct prediction was 
presented within a given set of K predictions.

Furthermore, two ranking metrics are employed: mean 
reciprocal rank (MRR) and normalised discounted cumula-
tive gain (nDCG). MRR measures the inverse of the first 
correct prediction’s rank. Let ri be the rank for the ith test 
example, that is, the one-based index of the ground truth 
label in the ordered list of model predictions. Then, for a set 
of N test examples,

15  ​h​u​g​g​i​n​g​f​a​c​e​.​c​o​/​s​i​g​n​o​n​-​p​r​o​j​e​c​t​.

Table 2  The PoseFormer outperforms the I3D baseline (ASL Citizen) 
on the pretraining task for all considered metrics
Model ↑ MRR ↑ nDCG ↑ Rec@1 ↑ Rec@5 ↑ Rec@10
Poseformer 0.833 0.870 0.751 0.932 0.955
I3D [54] 0.733 0.791 0.631 0.861 0.909
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fails to assign the correct label to the query. This can be seen 
in Figs. 12 and 13. A native signer may be able to correctly 
classify the query, but our machine learning model fails to 
do so. Similar failures can occur when hands are slightly 
rotated.

Our system relies on 2D keypoint estimation, and small 
differences in 3D rotation can lead to large differences in 
the 2D projection and the resulting 2D keypoint trajecto-
ries. Figure 12 illustrates this with an example for the sign 
KELDER-A, Fig. 14 for the sign BENZINE-E, and Fig. 15 
for the sign FEE-A. When the user is not facing the cam-
era, but sitting at a slight angle, the location of the sign 
may appear wrong due to the naive 2D projection taking 
place. This can also cause misclassifications, such as the one 
shown in Fig. 12 (Fig. 13).

Appendix C: Examples of failure cases

To understand why the cases below cause MediaPipe and/
or our model to fail, it is essential to understand how Medi-
aPipe and SignBuddy work and interact. MediaPipe’s pose 
estimation is a pipeline consisting of several parts. First, 
given an image, the tool performs object detection to obtain 
2D bounding boxes of detected humans. Then, it estimates 
the body pose, predicting keypoints for, among others, the 
shoulders, elbows, and wrists. Next, a hand detection model 
is used to predict bounding boxes near the wrist keypoints, 
producing up to two hand crops. A second keypoint esti-
mation model, specifically for hand keypoints, is then run 
on these hand crops. The resulting hand keypoints are com-
bined with the body keypoints to create the complete pose. 
MediaPipe predicts three coordinates (x, y, and z) for all 
keypoints. However, the body and hand keypoint models 
are not trained to accurately predict depth (z) coordinates, 
and including these in an SLR model typically has a nega-
tive impact on performance. Therefore, SignBuddy removes 
the z coordinate, retaining only the x and y dimensions. 
Due to the heterogeneity of users’ webcams and the lack 
of knowledge about their intrinsic parameters, this orthog-
onal projection is the best approximation we can achieve. 
In reality, webcams have varying resolutions and fields of 
view, and users can be positioned at a multitude of angles. 
This introduces noise into the 2D projection transformation, 
which contributes to many of the failure cases mentioned in 
this appendix.

When signs are produced slightly higher or lower than 
the exemplary position, the one-shot classification system 

Fig. 13  This query for BOWLING-A is not executed in the same loca-
tion as the key: the signing location is higher compared to in the key. 
Note that the pose in the query sign appears stretched: this is likely due 

to a smaller field of view of the user’s webcam. This discrepancy also 
causes issues with the 2D projection of the keypoints

 

Fig. 12  The right hand in this query for KELDER-A is rotated differ-
ently than in the query. This may cause the sign to have a different 
meaning according to PF-ASL, and therefore lead to misclassification. 
Since the sign is produced in neutral space, the hand location in the 
query is correct; however, PF-ASL has only seen one example (the 
key) with a different location, also confusing the model
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When the left and right hands interact, MediaPipe may fail 
to correctly predict keypoints for the occluded hand: it may 
either not detect the hand and not predict any keypoints, or it 
may detect the left hand as the right hand or vice versa. This 
can be seen in Fig. 16, which shows the hands for a selection 
of frames for the sign RIJ-A (see also: Fig. 11). In the first and 
last frame, the left and right hands are properly separated. In 
the middle frames, the hand interaction causes MediaPipe to 
predict erroneous keypoints or no keypoints at all.

Fig. 16  Due to the interacting hands in RIJ-A, MediaPipe fails to cor-
rectly predict keypoints for the left hand. We discuss the frames in 
chronological order from left to right. In the first frame, MediaPipe is 
able to separate the hands, and correctly predicts separate keypoints 
for the left and right hand. In the second and third frames, both hands 

are present in the detection made by MediaPipe; it confuses the left and 
right hand, and predicts the right hand keypoints for the left hand. In 
the fourth frame, MediaPipe does not detect the left hand and predicts 
no keypoints. In the last frame, MediaPipe again correctly separates 
the hands and predicts separate keypoints for the left and right hand

 

Fig. 15  (Left) This query for FEE-A displays the correct hand shapes 
and hand movement. The location and the direction of the movement 
are also within allowed ranges but the resulting keypoint representa-
tions are considerably different. (Right) Phonological annotation of 

FEE-A in the VGT dictionary. The right section of the image illustrates 
the required hand shapes and the very relaxed location requirements 
(neutral zone), as indicated in the dictionary

 

Fig. 14  The hands in this query for BENZINE-E are rotated differently, 
similar to KELDER-A in Fig. 12
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