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Abstract

Sign languages are expressive visual lan-
guages used by Deaf and Hard-of-Hearing
(DHH) communities. Despite advances in sign-
language recognition, translation, and produc-
tion, progress remains limited by fragmented
datasets, inconsistent annotations, and narrow
linguistic coverage. Existing benchmarks of-
ten fail to support real-world communication
needs, and systematic analyses of their limita-
tions are rare. In this survey, we present the
most comprehensive index of sign-language
datasets to date—covering 119 resources across
35 signed languages—and identify key chal-
lenges, including modality imbalance, annota-
tion granularity, and signer bias. We propose
essential requirements for future datasets and
introduce a 24-field Sign-Language Datasheet
template, along with a public GitHub repo’ for
dataset documentation. Our work provides a
unified foundation for developing inclusive and
robust sign-language technologies.

1 Introduction

Sign languages are fully developed visual-gestural
languages, serving as the primary means of com-
munication for over 70 million Deaf and Hard-of-
Hearing (DHH) individuals worldwide (Organiza-
tion). Unlike spoken languages, sign languages
convey meaning through a rich combination of
manual articulations—handshape, location, move-
ment, and orientation—and non-manual cues such
as facial expressions, mouthing, gaze, and body
posture (Boyes-Braem and Sutton-Spence, 2001).
Despite their linguistic complexity and expressive
power (Jachova et al., 2008), sign languages are
often misunderstood, and mastering them requires
years of dedicated practice (Kemp, 1998). As a
result, fluency remains rare among the hearing pop-
ulation, exacerbating communication barriers be-
tween DHH and hearing communities.
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Figure 1: Overview of sign-language tasks: Recognition
(SLR), Translation (SLT), and Production (SLP), each with
subtypes (e.g., isolated vs. continuous SLR; gloss- vs. gloss-
free SLT), reflecting varied annotations and deployment needs.

While human interpreters can bridge this divide,
their availability, cost, and scheduling constraints
limit access (Universal Translation Services, 2023).
These challenges have driven interest in automated
sign-language technologies as scalable solutions.

Recent research has advanced across three core
tasks: Sign Language Recognition (SLR), Sign
Language Translation (SLT), and Sign Language
Production (SLP). SLR predicts sign sequences
from video input and is typically categorized as iso-
lated (Laines et al., 2023; Vazquez-Enriquez et al.,
2021) or continuous (Gan et al., 2024a; Zhou et al.,
2021c). SLT translates sign videos into spoken-
language text; due to the scarcity of gloss annota-
tions, research has shifted from gloss-based (Cam-
goz et al., 2020; Fu et al., 2023; Yin and Read,
2020) to gloss-free approaches (Gong et al., 2024;
Guan et al., 2024; Hu et al., 2023; Chen et al.,
2022b). SLP, by contrast, generates realistic sign
videos from text (Zuo et al., 2025; Qi et al., 2024;
Saunders et al., 2022, 2020b), enabling applications
in education and assistive technologies.

Despite notable progress, many studies rely on a
narrow subset of benchmark datasets, overlooking
numerous others. Prior surveys seldom analyze
dataset diversity, annotation quality, or alignment
with specific tasks—Ilimiting understanding of the
field’s true coverage and challenges.

Scope of Survey. We present the most compre-
hensive survey of sign-language datasets to date,
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Table 1: Comparison of existing survey papers on sign-language technology. “Perf. Eval.” denotes whether the paper includes
performance benchmarking. “Std. & Annot.” indicates discussion of dataset standardization or annotation frameworks.

Survey Paper

Survey Category Datasets Covered Dataset Analysis Challenge Analysis Perf. Eval. Std. & Annot. Task Coverage

Alyami et al., 2024 (Alyami et al., 2024) SLR 17
Tao et al., 2024 (Tao et al., 2024) SLR 24
Sarhan & Frintrop, 2023 (Sarhan and Frintrop, 2023) SLR 8

Minu et al., 2023 (Minu et al., 2023) SLR 16
Madhiarasan & Roy, 2022 (Madhiarasan and Roy, 2022) SLR 34
Liang et al., 2023 (Liang et al., 2023) SLT 15
Nufiez-Marcos et al., 2023 (Nifiez-Marcos et al., 2023) SLT 33
Kumar Attar et al., 2023 (Kumar Attar et al., 2023) SLT 22
Kahlon & Singh, 2023 (Kahlon and Singh, 2023) SLT 13
Rastgoo et al., 2024 (Rastgoo et al., 2024) SLP 9

Tan et al., 2024 (Tan et al., 2024a) SLR, SLT, SLP 25
Papastratis et al., 2021 (Papastratis et al., 2021) SLR, SLT, SLP 13
De Sisto et al., 2022 (De Sisto et al., 2022) SLR, SLT 13
Ours SLR, SLT, SLP 119
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Only SLR
Only SLR
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cataloging 119 public datasets across 35 signed
languages and covering SLR, SLT, and SLP tasks.
We analyze properties such as annotation modal-
ity, signer demographics, and vocabulary size. Our
analysis reveals key challenges, including modality
imbalance, annotation inconsistency, and limited
generalizability—factors hindering model transfer-
ability. We also compile benchmark leaderboards
and introduce a 24-field Sign-Language Datasheet
template, hosted in a public GitHub repository, to
promote transparent documentation.
Contributions. (1) We conduct a unified, up-to-
date survey of 119 datasets across 35 signed lan-
guages and three major tasks: SLR, SLT, and SLP.
(2) We identify persistent challenges in current
datasets, including modality imbalance, signer bias,
and annotation inconsistency. (3) We propose prac-
tical guidelines for future dataset construction, de-
tailing key contents, recommended tools, and docu-
mentation standards. (4) We establish harmonized
leaderboards across tasks and datasets to support
reproducible research and fair comparison.

2 Background

We review the linguistic foundations, task tax-
onomy, and evolution of sign-language process-
ing—essential context for the dataset analysis and
benchmarking in later sections.

2.1 Linguistic Foundations

Sign languages are natural visual-gestural lan-
guages comprising two channels: (i) manual
(handshape, location, movement, orientation)
and (ii) non-manual (facial expressions, mouthing,
gaze, posture) (Boyes-Braem and Sutton-Spence,
2001). These asynchronous, multimodal signals
challenge conventional sequential models. As most
signed languages lack standardized orthographies,
datasets rely on proxy representations—most com-
monly, glosses, which map signs to approximate
spoken-language words. Some datasets also in-

clude phonological encodings (e.g., HAMNOSYS),
which capture detailed articulatory forms but are
costly to annotate. These structural constraints
shape how tasks are formulated and evaluated.

2.2 Task Taxonomy

Sign-language processing spans three core tasks,
each with variants that influence dataset design
and modeling strategies (see Figure 1): (1) Sign
Language Recognition (SLR) predicts gloss
sequences from video. It includes isolated
SLR(Laines et al., 2023; Vazquez-Enriquez et al.,
2021), where each video contains a single sign,
and continuous SLR (Gan et al., 2024a; Zhou
et al., 2021c), which transcribes unsegmented sign
streams. (2) Sign Language Translation (SLT)
maps sign videos to spoken-language text. Early
work used gloss-based pipelines(Camgoz et al.,
2020; Fu et al., 2023; Yin and Read, 2020); re-
cent efforts adopt gloss-free models (Gong et al.,
2024; Guan et al., 2024; Hu et al., 2023; Chen
et al., 2022b) that learn direct video-to-text map-
pings. (3) Sign Language Production (SLP) syn-
thesizes sign videos from text or gloss input via
retrieval(Saunders et al., 2020b), keypoint genera-
tion (Qi et al., 2024), or full-frame synthesis (Zuo
et al., 2025; Yin et al., 2024).

2.3 Task Evolution & Research Trends

Research has progressed from finger-spelling and
isolated sign recognition (Dreuw et al., 2007; Zhou
et al., 2021c¢) to sentence-level translation and full
video synthesis. However, development remains
concentrated on high-resource languages—ASL,
BSL, CSL, and DGS—while many others remain
underrepresented. SLR has evolved toward contin-
uous settings, introducing challenges like coartic-
ulation and temporal ambiguity (Hu et al., 2023;
Gan et al., 2024a). SLT has shifted from modu-
lar pipelines to end-to-end architectures under data
scarcity. SLP has moved from retrieval-based sys-



Table 2: Concise overview of representative fingerspelling datasets. Abbreviations: ASL—American SL; ArSL—Arabic SL;
AzSL—Azerbaijani SL; ISL—Indian SL. For the complete list, please refer to our GitHub.

Dataset Year Language #Signs #Samples #Signers Domain
ChicagoFSWild (Shi et al., 2018) 2018 ASL 31 7,304 seq. 168 Letters, Chars.
ASL Digits (Mavi, 2020) 2020 ASL 10 21,300 img. 218 Letters
ArASL (Latif et al., 2019) 2019 ArSL 32 54,049 img. 40 Letters
AZSLD Fingerspelling (Alishzade and Hasanov, 2025) 2023 AzSL 32 10,864 img., 3,587 vid. 43 Letters
ISL-HS (Oliveira et al., 2017) 2017 ISL 23 468vid., 58,114 img. 6 Letters

Table 3: Representative isolated sign-language datasets. Abbreviations: ASL—American SL; LSFB—Belgian French SL;
CSL—Chinese SL; Auslan—Australian SL; LSA—Argentinian SL; TSL—Turkish SL. The full list is available on GitHub.

Dataset Year Lang. #Signs Dur. #Samples #Signers Domain
MS-ASL (Joze and Koller, 2018) 2018 ASL 1,000 ~25h 25,513 vid. 222 General
WLASL (Li et al., 2020) 2019 ASL 2,000 ~14h 21,083 vid. 119 General
ASL Citizen (Desai et al., 2024) 2023 ASL 2,731 — 83,399 vid. 52 General
LSFB-isol (Fink et al., 2021) 2021 LSFB 395 — 47,551 vid. 85 General
DEVISIGN (Chai et al., 2014) 2014 CSL 4,414 — 331,050 vid. 30 General
SLR500 (Huang et al., 2018a) 2018 CSL 500 — 125,000 vid. 50 General
NMFs-CSL (Hu et al., 2021) 2020 CSL 1,067 — 32,010 vid. 10 General
MM-WLAuslan (Shen et al., 2024a) 2024 Auslan 3,215 ~2,500h 282,900 vid. 73 General
LSA-64 (Ronchetti et al., 2023) 2016 LSA 64 — 3,200 vid. 10 Dictionary
BosphorusSign22k (Ozdemir et al., 2020) 2020 TSL 744 ~19h 22,542 vid. 6 Health/Finance
AUTSL (Sincan and Keles, 2020) 2020 TSL 226 21 h 38,336 samples 43 General

tems to deep generative models with signer-aware
outputs (Saunders et al., 2022).

Despite these advances, prior surveys often fo-
cus on single tasks and offer limited analysis of
dataset coverage, annotation quality, or evaluation
standards (Table 1). In contrast, we provide a uni-
fied review of 119 datasets spanning SLR, SLT,
and SLP, with detailed insights into modality, an-
notation depth, linguistic diversity, and task align-
ment. These trends underscore the need for inclu-
sive, well-documented datasets. We address this
need by analyzing the current dataset landscape
(Section 3), aggregating benchmark results (Sec-
tion 4), and outlining best practices for dataset de-
velopment (Section 5,6).

3 Dataset Compendium

High-quality sign-language datasets are essen-
tial for training robust models in recognition,
translation, and production.  These datasets
broadly fall into three categories: (i)Fingerspelling
datasets, which capture static images or short
video clips of manual alphabets; (ii)lsolated
Sign Language Datasets (ISLD), where individ-
ual signs are recorded as separate video sam-
ples; and (iii)Continuous Sign Language Datasets
(CSLD), comprising longer, connected sign se-
quences. Representative examples appear in Tables
2, 3, and 4, with full listings and additional details
provided in our GitHub repository.

3.1 Fingerspelling Datasets

Table 2 highlights select fingerspelling datasets
spanning various languages, illustrating an evo-
lution from early, small-scale laboratory bench-
marks (e.g., ASL Digits (Mavi, 2020), ArASL (Latif
etal., 2019)) to more recent and diverse in-the-wild
corpora such as ChicagoFSWild (Shi et al., 2018)
and AzSLD Fingerspelling (Alishzade and Hasanov,
2025). While early datasets offered foundational
insights, they often lacked variation in lighting,
background, signer demographics, or handshape
complexity. More recent releases focus on greater
demographic diversity, higher-resolution data, and
varied recording conditions, enabling models to
better handle real-world variability.

Incorporating larger alphabets—including those
with diacritics (e.g., AzSLD)—also supports im-
proved cross-lingual transfer and sign language
adaptation. Empirical studies consistently show
that increasing the number of signers and includ-
ing more heterogeneous conditions substantially
improve model robustness and generalizability.

3.2 Isolated Sign Language Datasets

Table 3 summarizes prominent isolated sign lan-
guage datasets for single-sign recognition. Foun-
dational benchmarks such as MS-ASL (Joze and
Koller, 2018) and WLASL (Li et al., 2020) in-
troduced medium-to-large vocabularies (~1k—2k
signs) and remain widely used due to their signer
diversity and task generality. Later corpora scale



Table 4: Representative continuous sign-language corpora.

Abbreviations: ASL—American SL; BSL—British SL;

CSL—Chinese SL; DGS—German SL; Auslan—Australian SL; LSA—Argentinian SL. The full list is available in GitHub repo.

Corpus Year Lang. #Vocab Dur. #Samples #Signers Domain
RWTH-Boston-104 (Dreuw et al., 2007) 2007 ASL 104 8.7 min 201 sents. 3 General
How2Sign (Duarte et al., 2021) 2020 ASL 16k 79 h 36,783 sents. 11 General
OpenASL (Shi et al., 2022) 2022 ASL 33k 288 h — ~220 General
YouTube-ASL (Uthus et al., 2024) 2023 ASL 60k ~1,000 h — >2,500 General
DailyMoth-70 h (Rust et al., 2024) 2024 ASL 19,694 75.8h 48,386 clips 1 News

BSL-1K (Albanie et al., 2020) 2020 BSL 1,064  ~1,000h 273,000 sents. 40 General
BOBSL (Albanie et al., 2021) 2021 BSL 2,281 1,467 h 1.2M seq. 39 General
CSL-Daily (Zhou et al., 2021a) 2021 CSL 2,000 — 20,645 vid. 10 General
RWTH-PHOENIXI4T (Camgoz et al., 2018) 2020 DGS 2,887 ~10.5h 8,257 sents. 9 Weather
Auslan-Daily Comm. (Shen et al., 2024b) 2024  Auslan 3,064 — 14,041 sents. 49 Daily

PHOENIX-News (Yin et al., 2024) 2024  DGS 190k 486 h — 11 News

LSA-T (Dal Bianco et al., 2022) 2022 LSA-ES 14,239 21.8 h 14,880 sents. 103 General

Table 5: Annotation layers included in today’s most-used continuous sign language corpora. A v indicates the layer is provided;
a X means it is absent. “Multimodal” refers to any additional stream beyond RGB video (e.g., depth, pose skeleton, 3D mesh). A
complete inventory of corpora and their metadata is available in our GitHub repository.

Corpus Lang. Video ClipID Gloss Sent. Align. Multimodal File Format
PHOENIX14T (Camgoz et al., 2018) DGS 4 v v v v CSV
CSL-Daily (Zhou et al., 2021a) CSL v v v v v TXT
How2Sign (Duarte et al., 2021) ASL v v X v v CSV
YouTube-ASL (Uthus et al., 2024) ASL X v X v X TXT
OpenASL (Shi et al., 2022) Multi X v v 4 X TSV

both vocabulary size and linguistic coverage: DE-
VISIGN (Chai et al., 2014) offers over 300k
Chinese Sign Language samples, while MM-
WLAuslan (Shen et al., 2024a) provides multi-view
recordings in Auslan for richer signer variation.
Beyond raw video, newer datasets increasingly
integrate crowd-sourced data and multiple modali-
ties (e.g., RGB, depth, skeleton) to better capture
nuanced signing behavior. This shift toward more
realistic and diverse conditions supports advances
in signer-independent learning, large-vocabulary
classification, and multimodal alignment.

3.3 Continuous Sign Language Datasets

Compared to isolated datasets, Continuous Sign
Language Datasets (CSLD) feature extended sign-
ing sequences embedded in natural discourse.
Early examples such as RWTH-Boston-104 (Dreuw
et al., 2007) contained only a few minutes of video,
while more recent corpora like How2Sign (Duarte
etal., 2021) and YouTube-ASL (Uthus et al., 2024)
span hundreds of hours and tens of thousands of
unique signs. These large-scale datasets enable
research in continuous sign recognition (CSLR),
translation (SLT), and video generation (SLP).
Modern CSLDs often include rich annotations
(e.g., glosses, aligned sentences), enabling linguis-
tic studies of coarticulation, sign boundaries, and
domain-specific expressions. This supports investi-

gation into spontaneous signing styles, non-manual
features like facial expressions, and domain shifts
(e.g., news, conversation). To fully exploit such
corpora, researchers must address challenges in
alignment, segmentation, and modality unification.

4 Benchmarks & Leaderboards

Building on the datasets introduced in Section 3,
we provide a comprehensive benchmark analy-
sis across sign-language recognition, translation,
and production. This section compares the perfor-
mance of representative models on five widely used
datasets: PHOENIX14T, CSL-Daily, How2Sign,
YouTube-ASL, and OpenASL. The results are or-
ganized by task (SLR, SLT, and SLP) and grouped
into gloss-based and gloss-free settings.

4.1 Recognition Benchmarks (SLR)

Table 7 reports WER performance across re-
cent models on PHOENIX14T and CSL-Daily.
PHOENIX14T yields lower error rates overall,
with SignVTCL (Chen et al., 2024a) achieving
17.9%. This advantage stems from its clean an-
notation pipeline, narrow topical focus (weather
domain), and limited signer variation. Such charac-
teristics promote stable motion-to-text alignment,
making PHOENIX14T a strong choice for evaluat-
ing model precision under controlled conditions.



Table 6: Positioning the flagship continuous-sign corpora. “Tasks” = which benchmark(s) the field mainly uses the corpus
for. Abbreviations: SLR-recognition, SLT—translation, SLP—production.

Corpus Why you do want it ‘Why you don’t Tasks
PHOENIXI4T (Camgoz et al., 2018) — CC-BY; effortless download — Only /10 h train = over-fit risk SLR, SLT, SLP
— Text-aligned glosses — easy SLT baselines — Weather broadcast domain => narrow vocab
CSL-Daily (Zhou et al., 2021a) — 2k everyday signs (+ depth, skeleton) — NDA gate; lab footage = low background variety SLR, SLT
— Signer-independent split shipped — Light gloss noise
How2Sign (Duarte et al., 2021) —79 h RGB + depth + 3-D mesh — No manual gloss layer SLT, SLP

— 3-D avatar drives SLP research

YouTube-ASL (Uthus et al., 2024) —~21,000 h in-the-wild clips

— Community can extend corpus on the fly

OpenASL (Shi et al., 2022) — Apache-2.0 TSV annotations

— 33k open-domain vocab—rare for ASL

— 3 TB raw download => storage heavy
—Only YT IDs (link-rot, geo-blocks)

— Heterogeneous quality; no pose/depth
— Must crawl videos yourself

— Mixed gloss standards; tooling scant

SLT (large-scale pre-train)

SLT (open-domain)

Table 7: CSLR leaderboard performance on PHOENIX 14T and CSL-Daily. All numbers are word error rates (WER), where
lower values indicate better recognition accuracy. Full dataset statistics and links are available at the Github repository.

PHOENIX14T CSL-Daily
Model WER | Input ‘ Model WER | Input
SignVTCL (Chen et al., 2024a) 17.9% RGB, Skeleton, Flow | SignVTCL (Chen et al., 2024a) 24.1% RGB, Skeleton, Flow
Cross-Ling (Wei and Chen, 2023) 18.5% RGB MAM-FSD (Zhu et al., 2025) 24.5% RGB
C3ST (Zhang et al., 2023b) 18.9% RGB TwoStream-SLT (Chen et al., 2022b)  25.3% RGB, Skeleton
MultiSignGraph (Gan et al., 2024b) 19.1% RGB C3ST (Zhang et al., 2023b) 25.8% RGB
TwoStream-SLT (Chen et al., 2022b)  19.3% RGB, Skeleton MultiSignGraph (Gan et al., 2024b) 26.4% RGB
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Figure 2: Word clouds of translation outputs from three major SLT datasets: CSL-Daily, PHOENIX 14T, and How2Sign. The
visualization highlights frequent words in target sentences, revealing domain-specific vocabulary distributions.

In contrast, CSL-Daily presents consistently
higher WERs (lowest 24.1%) despite using sim-
ilar model architectures, reflecting its greater di-
versity in signers, topics, and recording environ-
ments. It includes casual daily phrases and rich
multimodal inputs (RGB, depth, skeleton), which
enhance ecological validity but also increase learn-
ing complexity. Models exhibit larger performance
gaps on CSL-Daily than on PHOENIX14T, further
highlighting its utility for benchmarking general-
ization. As sign language systems move toward
real-world deployment, CSL-Daily offers a more
challenging yet realistic testbed—particularly for
assessing signer-independence, coarticulation ef-
fects, and robustness under natural conditions.

4.2 Translation Benchmarks (SLT)

We evaluate sign language translation (SLT)
under two supervision settings: gloss-based
and gloss-free. The three most widely used
datasets—PHOENIX14T,  CSL-Daily, and
How2Sign—differ significantly in their annotation
structure, domain, and linguistic complexity,
leading to distinct benchmarking characteristics.

Gloss-based SLT. Table 8 reports BLEU scores

for models that utilize intermediate gloss super-
vision. PHOENIX14T consistently outperforms
CSL-Daily across most evaluated models, with
TextCTC-SLT (Tan et al., 2024b) achieving 28.4%
BLEU. This is likely due to PHOENIX14T’s nar-
row weather-report domain and carefully aligned
gloss—sentence annotations, which make it easier
to learn structured and repeatable mappings. CSL-
Daily, in contrast, spans more diverse everyday
topics and exhibits greater signer variability. As a
result, its BLEU scores are generally lower (max
25.8%), but it provides a more realistic and chal-
lenging testbed for generalization across linguistic
content and signer style. The performance gap
across models is more pronounced on CSL-Daily,
making it especially valuable for evaluating robust-
ness under broader, more natural conditions.

Gloss-free SLT. Table 9 benchmarks end-to-end
models that translate videos directly into spoken
language without any gloss supervision. While
gloss-free methods typically underperform gloss-
based counterparts in BLEU, they offer increased
scalability and significantly lower annotation cost.
Among the datasets, PHOENIX14T and CSL-Daily
remain dominant choices for gloss-free bench-



Table 8: Gloss-based SLT leaderboard on PHOENIX14T and CSL-Daily. BLEU scores are reported on the test set; higher
values indicate better translation performance. Full dataset statistics and links are available at the GitHub repository.

PHOENIX14T | CSL-Daily
Model BLEU 1 Input ‘ Model BLEU 1 Input
TextCTC-SLT (Tan et al., 2024b) 28.42% RGB TwoStream-SLT (Chen et al., 2022b) 25.79% RGB, Skeleton
TwoStream-SLT (Chen et al., 2022b)  26.71% RGB, Skeleton | SLTUNET (Zhang et al., 2023a) 23.76% RGB
SLTUNET (Zhang et al., 2023a) 26.00% RGB TextCTC-SLT (Tan et al., 2024b) 22.47% RGB
ConSLT (Fu et al., 2023) 25.48% RGB MMTLB (Chen et al., 2022a) 21.46% RGB
MMTLB (Chen et al., 2022a) 24.60% RGB BN-TIN-Transf + BT (Zhou et al., 2021b)  19.67% RGB

Table 9: Gloss-free SLT leaderboard on PHOENIX 14T, CSL-Daily, and How2Sign. BLEU scores are reported on the test set;
higher values indicate better translation performance. Full leaderboard details and links are available at the GitHub repository.

PHOENIX14T \ CSL-Daily \ How2Sign
Model BLEU 1 ‘ Model BLEU 1 ‘ Model BLEU 1
CV-SLT (Zhao et al., 2024) 29.27% | MSKA-SLT (Guan et al., 2024) 25.52% | VAP (Jiao et al., 2024) 12.87%
MSKA-SLT (Guan et al., 2024) 29.03% | TwoStream-SLT (Chen et al., 2022b) 25.42% | SLT-CC(Jang et al., 2025) 12.70%
TwoStream-SLT (Chen et al., 2022b)  28.95% | SLTUNET (Zhang et al., 2023a) 25.01% | YouTube-ASL (Uthus et al., 2024) 12.39%
SLTUNET (Zhang et al., 2023a) 28.47% | MMTLB (Chen et al., 2022a) 23.92% | SLT-SEM (Hamidullah et al., 2024)  11.70%
MMTLB (Chen et al., 2022a) 28.39% | C2ST (Zhang et al., 2023b) 21.61% | FLa-LLM (Chen et al., 2024b) 9.66%
IP-SLT (Yao et al., 2023) 27.97% | XmDA (Ye et al., 2023) 21.58% | SLT-IV (Tarrés et al., 2023) 8.03%
C?RL (Zhang et al., 2023b) 26.75% | BN-TIN-Transf + BT (Zhou et al., 2021b)  21.34% | GloFE-VN (Lin et al., 2016) 2.24%
VAP (Jiao et al., 2024) 26.16% | VAP (Jiao et al., 2024) 20.85% | UniGloR (Hwang et al., 2024) 2.22%

marks. How2Sign, despite its lower BLEU scores
(best: 12.9%), plays a crucial and complementary
role due to its large vocabulary (16k+), realistic
multi-camera recordings, and complete lack of
gloss annotations. Its rich ecological variation
makes it a key benchmark for deployment readi-
ness. Overall, while gloss-based SLT remains more
accurate and mature, gloss-free translation contin-
ues to improve, especially when supported by mul-
timodal inputs and large-scale pretraining efforts.

4.3 Production Benchmarks (SLP)

We evaluate sign language production (SLP) mod-
els that generate sign videos either from gloss in-
puts (Gloss-to-Pose) or directly from spoken lan-
guage text (Text-to-Pose). Table 10 reports BLEU
scores across both settings. It is worth noting that,
in prior SLP work, there has been no unified stan-
dard for extracting skeletal joint data from 2D im-
ages, lifting it to 3D, or for a comprehensive eval-
uation metric. Consequently, discrepancies arise
when retraining public models or comparing per-
formance across models. Therefore, our analy-
sis of the current SLP state refers only to the re-
sults reported in the comparison table in the pa-
per. Among Gloss-to-Pose models, FS-NET (Saun-
ders et al., 2022) leads with 18.78%, benefiting
from alignment-aware supervision. For Text-to-
Pose, Spoken2Sign (Zuo et al., 2024) achieves the
best performance (25.46%) despite the more com-
plex input space, illustrating the potential of using
large-scale text encoders. Other strong models such
as SignDiff (Fang et al., 2023) and SignGen (Qi

et al., 2024) leverage diffusion and generative mod-
eling to enhance realism. Notably, gloss-free mod-
els still underperform slightly compared to gloss-
conditional methods, but the performance gap is
narrowing.

Text-only SLP. Gloss-free systems like SignDiff
and SignGen offer competitive BLEU scores with-
out intermediate gloss annotations. Spoken2Sign
remains the top-performing model, suggesting that
high-quality pretraining on textual inputs can com-
pensate for the lack of gloss structure. Models
such as T2S-GPT (Yin et al., 2024) and NSLP-
G (+fine-tuning) (Hwang et al., 2021) illustrate
the benefits of fine-tuning, but still lag behind top
methods. Overall, the field is shifting toward di-
rect Text-to-Pose modeling, which is more scalable
and annotation-efficient—though maintaining high
fidelity and temporal smoothness remains a chal-
lenge for future work.

5 Dataset Challenges

Despite rapid progress in sign language modeling,
several structural challenges remain across accessi-
bility, linguistic coverage, annotation standardiza-
tion, and ecological validity. This section outlines
five major issues, grounded in visualizations and
benchmark analyses from the preceding sections.

5.1 Access Barriers & Sustainability

Although over 100 sign language datasets have
been released, only a limited subset is widely
adopted. As shown in Table 5 and Table 6, corpora
like CSL-Daily and BOBSL require data agree-



Table 10: SLP leaderboard for Gloss-to-Pose and Text-to-Pose models. BLEU scores are reported on the test set; higher
values indicate better video generation performance. Full dataset details and links are available at the GitHub repository.

Gloss-to-Pose |

Text-to-Pose

Model BLEU 1 \ Model BLEU T Gloss-Free
FS-NET (Saunders et al., 2022) 18.78% | Spoken2Sign (Zuo et al., 2024) 25.46% No
Adversarial Training (Saunders et al., 2020a)  11.70% | SignDiff (Fang et al., 2023) 22.15% Yes
Progressive Transf (Saunders et al., 2020c) 10.43% | FS-NET (Saunders et al., 2022) 21.10% Yes
NSLP-G (Hwang et al., 2021) 9.39% | SignGen (Qi et al., 2024) 19.71% Yes
LVMCN (Wang et al., 2024) 9.36% | T2S-GPT (Yin et al., 2024) 11.87% Yes
Data-Driven (Walsh et al., 2024) 9.17% | NSLP-G (+ Finetuning) (Hwang et al., 2021) 11.07% Yes

ments or institutional approval, restricting usage
in open-source research. Older datasets such as
SIGNUM (von Agris and Kraiss, 2010) suffer from
link rot and are no longer available. Datasets like
YouTube-ASL only provide YouTube video IDs,
making reproducibility fragile and long-term ac-
cess unreliable. In contrast, PHOENIX14T is fa-
vored for its open access, clean gloss alignment,
and consistent CSV format, despite its small scale.

5.2 Linguistic & Geographic Imbalance

Figure 3 illustrates the geographic bias of current
datasets: most public corpora cover ASL, DGS,
CSL, or ISL, while dozens of global sign languages
remain entirely unrepresented. This limits cross-
lingual modeling and raises fairness concerns in
global deployment. Additionally, regional variation
within a single sign language is rarely documented.

As visualized in Figure 4, sentence embeddings
from different datasets (e.g., PHOENIX14T, CSL-
Daily, How2Sign) form distinct clusters with little
overlap, showing poor alignment across domains.
These representational gaps hinder multi-dataset
pretraining and zero-shot transfer.

5.3 Inconsistent Modalities & Annotations

Sign language datasets differ widely in modality
(RGB, depth, pose), format (CSV, TSV, JSON), and
annotation layers (e.g., gloss, sentence alignment).
Table 5 shows that only PHOENIX14T and CSL-
Daily provide full supervision, while OpenASL
and YouTube-ASL lack glosses or synchronized
modalities. This heterogeneity complicates joint
modeling and reproducibility.

Moreover, even within datasets, label conven-
tions differ: for example, the translation field
is labeled translation in PHOENIX14T, but
SENTENCE in How2Sign. Such inconsistencies in-
crease preprocessing overhead. Harmonizing for-
mats and annotation schemas would greatly facili-
tate cross-dataset generalization.

Heatmap of the Global Distribution of Sign Language Databases

Number of Datasets

Figure 3: Geographic distribution of sign language
datasets. The heatmap highlights the number of datasets
collected per country or region. Darker colors indicate higher
dataset density, with most resources concentrated in Europe,
North America, and East Asia. [Best zooming in to view].

5.4 Gloss Quality & Transferability

Gloss annotations significantly enhance sign lan-
guage recognition and translation, yet manual
glossing remains costly, labor-intensive, and incon-
sistent due to the absence of unified standards. An-
notator variability—even within the same language
(e.g., differing conventions among German Sign
Language datasets)—Ilimits effective fine-tuning
and cross-corpus transfer. Large-scale datasets,
such as How2Sign and YouTube-ASL, omit glosses
entirely, prioritizing scale over structured linguistic
grounding. Empirical results (Tables 8, 9) con-
sistently show gloss-informed models outperform
gloss-free ones. Standardizing gloss annotations
and broadening coverage is thus essential for ro-
bust, transferable sign language technologies.

5.5 Semantic & Topical Divergence

As demonstrated in Figure 2, vocabulary distribu-
tions vary drastically by dataset: PHOENIX14T
reflects weather forecasts, while How2Sign cap-
tures instructional content. Such differences affect
SLT performance and model generalizability. Mod-
els trained on narrow-topic corpora may struggle
with broader domains without additional adapta-
tion. A broader collection of topic-diverse, gloss-
annotated datasets is needed to support real-world
deployment and zero-shot robustness. Additionally,
targeted domain-adaptation methods leveraging se-
mantic relationships between topics could further
enhance cross-domain model transfer.
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Figure 4: UMAP projection of sentence embeddings across datasets. Each panel incrementally adds one dataset to
PHOENIX14T, illustrating how semantic domains expand and overlap in embedding space. Colors: PHOENIX14T (red),
CSL-Daily (blue), How2Sign (green), OpenASL (purple), YouTube-ASL (orange). [Best zooming in to view].

6 Future Dataset Curation

To support scalable and high-quality sign language
research, future datasets should emphasize linguis-
tic coverage, ecological realism, multimodal align-
ment, and interoperable design. This section sum-
marizes best practices grounded in the challenges
and insights discussed earlier.

6.1 Video Selection & Preprocessing

To ensure real-world relevance, video con-
tent should span diverse communicative con-
texts—agreetings, healthcare, education, emergen-
cies, daily life, and news. Curating from open
tutorials or platforms like YouTube promotes top-
ical and contextual diversity. Collected videos
must be quality-filtered to exclude low-resolution
or noisy segments, as fine-grained hand and facial
cues are essential for both recognition and gen-
eration. Datasets should maintain balance across
sentence lengths, domains, and linguistic complex-
ity. Long-form videos should be segmented at se-
mantically coherent sign boundaries to eliminate
idle frames. Transcriptions—whether human- or
machine-generated—must be carefully proofread
to align with both visual timing and meaning.

6.2 Annotation Strategy

A modular annotation design improves both usabil-
ity and extensibility. At a minimum, each video
should include a unique identifier and a cleaned
sentence-level translation. Additional layers can
be incrementally introduced as sub-datasets. Gloss
annotations offer interpretable intermediates for
SLT and CSLR models but require expert anno-
tators and are best phased in gradually. Tempo-
ral sign boundaries—start and end timestamps for
individual gloss units—enable segmentation and
timing-aware generation. Emotion tags and Fa-
cial Action Units (FAUs) capture non-manual fea-
tures, supporting sentiment analysis and avatar syn-
thesis. Skeleton-based pose representations are
lightweight yet effective, aiding both recognition

and production tasks across diverse model archi-
tectures. This progressive layering approach fa-
cilitates early release of core data while enabling
future enrichment for downstream applications.

6.3 Annotation Tool Selection

Several tools are available to support the anno-
tation of sign language corpora. Among them,
ELAN (Wittenburg et al., 2006) stands out as the
most stable and widely adopted solution. It sup-
ports hierarchical annotation, multimodal streams,
and flexible export formats. While it requires user
training, its extensive documentation and strong
community support make it well-suited for both
research and industry-grade dataset development.

Alternative tools such as SignStream (Neidle
et al., 2001) and SLAN-tool (Mukushev et al.,
2022) provide niche features. SignStream empha-
sizes linguistic transcription of visual-gestural data,
whereas SLAN-tool integrates semi-automated
neural segmentation. However, SLAN-tool may
face availability issues and depends on ELAN for
broader compatibility. A detailed comparison of
these tools appears in Appendix Table 11.

7 Conclusion

We present a comprehensive survey of 119 sign
language datasets spanning recognition, transla-
tion, and production tasks. Our analysis identi-
fies key challenges—including limited geographic
and linguistic coverage, gloss inconsistency, modal-
ity imbalance, and fragmented benchmarks—and
synthesizes leaderboard results to reveal perfor-
mance trends and gaps. Through comparative ta-
bles, semantic visualizations, and diagnostic anal-
yses, we emphasize the importance of ecological
diversity, reproducibility, and rich annotations in
future dataset design. We also offer practical guide-
lines for dataset creation, tool selection, and stan-
dardized evaluation. By consolidating scattered
resources and insights, this work lays a unified
foundation for more inclusive, scalable, and lin-
guistically informed progress in sign-language Al



8 Limitations

While our survey offers the most extensive pub-
lic index of sign-language datasets to date, it is
nevertheless subject to five key constraints:

1. Language imbalance. Openly available cor-
pora still concentrate on a handful of high-
resource sign languages (ASL, DGS, CSL,
BSL). Therefore, any conclusions about cross-
lingual transferability may fail to generalise
to historically under-represented communi-
ties—such as many African, Indigenous, and vil-
lage sign languages—without further evidence.

2. Metadata completeness. Statistics such as
signer counts were copied verbatim from the
original papers or repository READMEs; we did
not re-annotate every clip. Minor inaccuracies
may thus persist despite our best cross-checks.

3. Benchmark scope. The quantitative leader-
boards in Section 4 focus on five flagship,
general-purpose datasets. Highly specialised
domains (e.g., medical or legal signing) remain
to be benchmarked in future work.

4. Visualisation bias. All embedding maps
rely on a single UMAP seed and default
hyper-parameters. Alternative random seeds or
dimensionality-reduction methods could expose
slightly different cluster boundaries.

5. Lack of human evaluation. We did not yet con-
duct usability studies with Deaf signers to vet
the proposed 24-field datasheet template; struc-
tured community feedback therefore remains an
essential item on our agenda.

Broader Impact & Ethical Considerations

Potential benefits. By unifying dispersed re-
sources and releasing a standardised datasheet tem-
plate, we lower entry barriers for newcomers, foster
reproducibility, and expose low-resource gaps that
merit targeted investment.

Risks and mitigations. Responsible develop-
ment of our approach requires careful consideration
of potential negative impacts.

e Signer privacy. Many videos display identifiable
faces. We therefore urge dataset curators to spell
out licence terms and, where appropriate, add

options for anonymisation (face-blurring, gated
access). See Section 6.

* Bias amplification. Benchmarks dominated by
white, Western signers can yield models that
under-perform for minority communities. Fig-
ure 3 highlights this imbalance; we advocate
community-led data collection to correct it.

* Malicious use. Synthetic sign-language output
might enable deep-fake content. We recommend
visible or invisible watermarks and disclosure
when such footage is shared.

* Environmental cost. Our analyses used <1 GPU-
hour (Appendix B). Still, future large-scale train-
ing should report carbon footprints and favour
efficient architectures.

Responsible NLP Checklist (Filled)

For every item we answer Yes/No and cite a sup-
porting section or justification.

A1 Limitations described? Yes — Section 8.
A2 Risks discussed? Yes — Section 8.

B1 Creators cited? Yes — see dataset/tool cita-
tions in Tables 1-7.

B2 Licence or terms specified? Yes — “Avail-
able” column plus Section 3.

B3 Intended use respected? Yes — we never
repurpose data beyond stated research scopes
(Section 3).

B4 Pll/offensive content handled? Yes — ex-
clusion criteria detailed in Section 3; privacy
safeguards in Section 8.

BS Documentation supplied? Yes — 24-field
datasheet template (Appendix A and GitHub).

B6 Statistics reported? Yes — sample counts,
signer numbers, and splits are listed for every
dataset table.

C1 Compute budget recorded? Yes — under one
GPU-hour for all UMAP runs (Appendix B).

C2 Experimental hyper-parameters? N/A —
survey only; no model training conducted.

C3 Error bars or variance? N/A — we quote
numbers exactly as reported by original papers.



C4 Package versions noted? Yes — UMAP 0.5.6,
scikit-learn 1.5.0 (Appendix B).

D1 Annotator instructions shared? N/A — no
fresh data collection.

D2 Recruitment or payment details? N/A.
D3 Consent procedures stated? N/A.

D4 IRB approval mentioned? N/A — public
datasets presumed compliant.

D5 Annotator demographics supplied? N/A.

E1 AI assistants used? Yes — all writing and
analysis were performed manually by the au-
thors. We only use Al assistants for Editing
(e.g., grammar, spelling, word choice).
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A Appendix

This appendix provides supplementary material,
including a comparison of annotation tools and
detailed tables covering the sign language datasets
comprehensively reviewed in our survey.
Annotation Tool Comparison. Table 11 com-
pares three major sign language annotation
tools—SignStream, ELAN, & SLAN-tool—along
dimensions such as functionality, usability, integra-
tion, & modality support across typical research
workflows in sign language processing.

Dataset Tables. Tables 12—-18 provide a compre-
hensive overview of the 119 datasets surveyed, or-
ganized by type (fingerspelling, isolated, contin-
uous), and detailing metadata such as language,
vocabulary size, number of signers, modalities, do-
main coverage, & benchmark availability across
tasks and real-world evaluation settings.

Additional Visualisations. Figure 4 displays
UMAP projections for five datasets; high-
resolution figures and embedding files are archived
in the accompanying GitHub repository.



Table 11: Comparison of sign language annotation tools across functionality, usability, and integration.

Aspect SignStream ELAN SLAN-tool

Motivation Linguistic transcription of Multimodal annotation of Al-assisted annotation for sign
visual-gestural languages. natural communication. language NLP.

Advantages * Multilevel synchronization * Tier-based structure * Neural segmentation
* Linguistically detailed * Flexible format support * Semi-automatic annotation
annotations * Widely adopted * ELAN-compatible

Disadvantages * Requires expert knowledge * Steep learning curve * Dependent on ELAN

Data Format
Ease of Use

Unique Features

* Limited toolchain integration

Visual-gestural input only; low
interoperability
Researcher-friendly for sign
linguists

Multilevel annotation for both
signed and spoken input

* Requires schema familiarity

Broad audio/video/text support;
exportable

Feature-rich but may require
training

Timestamped, hierarchical
annotation tiers

* Performance tied to pretrained
models

Optimized for segmentation;
integrates with ELAN
Customizable GUI for targeted
workflows

Neural integration for active
signing segmentation

Table 12: FingerSpelling Sign Language Dataset

Dataset Year Language Vocab. Size #Samples#Signers Domain Collection Resolution Modality Publication Available Task Baseline
Source Model Accu-
racy
ChicagoFSWild ~ (Shi 2018 American 31 7,304 168 Letters  Online 640x360 RGB American Sign Language fin- SLR -
etal., 2018) se- + Char gerspelling recognition in the
quences wild
ChicagoFSWild+  (Shi 2019 American - 55,232 260 Letters  Online - RGB Fingerspelling recognition in SLR -
etal., 2019) se- + Char the wild with iterative visual
quences attention
ASL Digits (Mavi, 2020) 2020 American 10 21,800 218 Letters  Camera 3024x3024 RGB A New Dataset and Proposed SLR -
images Convolutional Neural Network
Architecture for Classification
of American Sign Language
Digits
27 Class ASL (Mavi and 2022 American 27 130 im- 173 Letters  Camera 3024x3024 RGB A New 27 Class Sign Lan- SLR -
Dikle, 2022) ages guage Dataset Collected from
173 Individuals
FSboard (Georg et al., 2023 American  ~3.2M 151,000 147 Letters  Mobile camera 1944 x 2592 RGB FSboard: Over 3 million char- SLR 11.1%  CER
2025) characters samples Video — acters of ASL fingerspelling (52.9% Top-1
Landmark  collected via smartphones Accuracy,
(pose/hand) ByTS5-small
baseline)
ArASL (Latif et al., 2019) 2019 Arabic 32 54,049 40 Letters  Mobile camera 64x64 RGB ArASL: Arabic Alphabets Sign  v* SLR -
images Language Dataset
RGB AASL (Al-Barham 2023 Arabic 31 7.857 200 Letters  Camera - RGB RGB Arabic Alphabets Sign v* SLR -
etal., 2023) images Language Dataset
AzSLD  Fingerspelling 2023 Azerbaijani 32 10,864 43 Letters ~ Telegram - RGB AzSLD: Azerbaijani Sign Lan- v SLR -
(Alishzade and Hasanov, images, + Ges- guage Dataset for Finger-
2025) 3,587 ture spelling, Word, and Sentence
videos Translation with Baseline Soft-
ware
ISL-HS (Oliveira et al., 2017 Trish 23 468 6 Letters  Mobile camera  640x480 RGB A Dataset for Irish Sign Lan- SLR 95% Accuracy
2017) videos, guage Recognition
58,114
images
RWTH-FingerSpelling 2006 Germany 35 1,400 20 Letters  Lab 320%240, RGB Modeling Image Variability SLR 35.7%  Error
(Dreuw et al., 2006) image + Um- 352x288 in Appearance-Based Gesture Rate
se- lauts  + Recognition
quences Num-
ber
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