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Abstract

Deaf signers face persistent communication
barriers in healthcare settings, where reliance
on third-party interpreters can compromise pri-
vacy precisely when confidentiality matters
most. We present LSC-CARE, the first anno-
tated dataset of Catalan Sign Language (LSC)
for the medical domain, comprising 2,784
signed segments (approximately 4.5 hours) pro-
duced by 11 deaf native signers across ten
emergency-care topics. Each segment is paired
with time-aligned ID-gloss annotations pro-
duced by a deaf native linguist and written
Catalan translations produced by an LSC inter-
preter, following conventions consistent with
the LSC SignBank. To assess the dataset’s util-
ity for Sign Language Translation, we bench-
mark three settings: a gloss-free end-to-end
video-to-text model, a cascade of sign language
recognition and gloss-to-text translation, and
an oracle gloss-to-text upper bound. The cas-
cade consistently outperforms the end-to-end
approach despite a high gloss error rate, and,
unlike it, is statistically invariant to signer iden-
tity, while the 21-BLEU gap between cascade
and oracle identifies visual sign recognition as
the main bottleneck for low-resource medical
SLT. We release the dataset to support acces-
sible healthcare technologies for the Catalan
Deaf community.

1 Introduction

Catalan Sign Language (llengua de signes cata-
lana, LSC) is a low-resource language. It is used in
Catalonia, Andorra and the island of Menorca by
25,000 signers in their daily life. Of these, about
12,000 are deaf individuals who use it as their pri-
mary language of communication, while the re-
maining users are hearing individuals, including
family members and professionals, such as inter-
preters, teachers and linguists.1. In the field of

1Data sourced from the Catalan Federation for the
Deaf (FESOCA), officially cited by the Catalan Secre-

machine Sign Language Translation (SLT), dom-
inant paradigms based on large volumes of data
are not directly applicable to LSC due to a "double
minoritization" (Quer, 2012). Despite the existence
of LSC linguistic resources (Barberà et al., 2018)
and the open-access publication of the first refer-
ence corpus of Catalan Sign Language, the Corpus
LSC (Institut d’Estudis Catalans, 2025), we still
face a shortage of data annotated with the neces-
sary conventions to be interpretable by Artificial
Intelligence (AI) systems. Research highlights the
complexity of generating photorealistic and linguis-
tically appropriate signed sequences (Bragg et al.,
2019); (Rastgoo et al., 2021). To address this gap,
approaches are identified that use "core glosses" as
an intermediate representation to shift complexity
toward the inferential capacity of Large Language
Models (LLMs) and preserve translation coherence
(Müller et al., 2023).

This paper presents LSC-CARE, the first anno-
tated corpus of Catalan Sign Language for the
medical domain, together with the first transla-
tion baselines trained on it. Our contributions
are threefold. First, we release a corpus of
2,784 signed question–answer segments across
ten emergency-care topics, produced by 11 deaf
native signers and annotated with time-aligned
ID-glosses and written Catalan translations. Sec-
ond, we benchmark three translation settings —
gloss-free end-to-end, gloss-based cascade, and
an oracle gloss-to-text upper bound — establish-
ing reference results for medical LSC translation.
Third, we provide a statistical analysis of length,
topic, and signer effects that characterises where
each architecture fails, showing that intermedi-
ate gloss supervision yields both higher transla-
tion quality and robustness to signer identity un-
der extreme data scarcity. The full dataset can
be downloaded from: https://huggingface.co/

tariat for Language Policy (Generalitat de Catalunya) in
https://tuit.cat/8HN3H
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datasets/projecte-aina/LSC-CARE

2 Related Work

Sign language corpora. Progress in SLT has been
driven by a small number of annotated benchmarks.
RWTH-PHOENIX-Weather 2014T (Camgöz et al.,
2018; Forster et al., 2014) pairs roughly 11 hours
of German Sign Language weather broadcasts with
glosses and German text; CSL-Daily (Huang et al.,
2018) provides about 23 hours of Chinese Sign Lan-
guage across everyday topics; How2Sign (Duarte
et al., 2021) offers around 80 hours of instruc-
tional American Sign Language. At larger scale,
YouTube-SL-25 (Tanzer and Zhang, 2025) mines
over 3,000 hours of weakly aligned captioned video
across 25+ sign languages, trading annotation qual-
ity for volume. A common trait of the annotated
corpora is domain restriction: each covers one nar-
row communicative context, and models trained on
them transfer poorly beyond it. For LSC specifi-
cally, available resources include the reference Cor-
pus LSC (Barberà et al., 2015; Institut d’Estudis
Catalans, 2025), but no resource targets the medical
domain, and none provides the gloss-level annota-
tion density required for cascade SLT. LSC-CARE
fills this gap at the extreme low-resource end of the
landscape: at 4.5 hours it is less than half the size
of PHOENIX14T, while covering a domain (emer-
gency healthcare) where translation errors carry
direct consequences for patient safety.

Translation architectures. Computational ap-
proaches divide into gloss-based and gloss-free
paradigms. Gloss-based cascades decompose the
task into continuous sign language recognition, typ-
ically trained with CTC (Graves et al., 2006), fol-
lowed by gloss-to-text translation (Camgöz et al.,
2018); TwoStream-SLR/SLT (Chen et al., 2022)
represents the state of the art, fusing RGB and
pose-keypoint streams before CTC decoding. The
paradigm benefits from modular supervision and
diagnosable errors, but inherits an information ceil-
ing: glosses systematically discard non-manual
markers, spatial grammar, and prosody (Müller
et al., 2023). Gloss-free end-to-end systems (Zhou
et al., 2023) avoid the annotation bottleneck and
have become dominant where large data exists
(Tanzer and Zhang, 2025; Zhang et al., 2024), but
jointly learning visual parsing, alignment, and gen-
eration demands training volumes far beyond what
low-resource languages can offer. Which paradigm
degrades more gracefully under extreme scarcity

remains an open empirical question.

2.1 LSC-CARE: Data Compilation
After doing research into the emergency proto-
cols of the public hospitals in Catalonia, we com-
piled a set of possible doctor–patient interactions
in emergency settings. We recreated possible
question-answer pairs between doctor and patient
and recorded the LSC version of each sentence.
Signer EB is the dedicated question signer, while
the remaining 10 signers provide different possible
answers to each question. The topics selected were
the following: personal data; triage; general; trau-
matology; gynecology; pediatrics; ophthalmology;
otorhinolaryngology; dermatology; pneumology.
Table 1 shows the distribution of LSC-CARE by
anonymised signer and medical domain.

The recruited deaf signers watched the recorded
LSC questions and proposed two or three possible
answers to that question. The dataset was there-
fore augmented in terms of linguistic expressions,
lexicon and dialectal variation. This increased the
dataset’s linguistic and lexical diversity, as well
as its dialectal variation across gender, age, and re-
gion. The dataset was professionally recorded in an
audiovisual recording studio at the university sign
language lab at a resolution of 747x420 or 560x420
pixels and 25 fps (see Figure 1). The studio has a
chroma key background to clearly distinguish the
signer. Only one signer per shot was recorded.

2.2 Deaf native signers profiles
A total of 11 deaf signers were recorded. They
are all native signers, born in deaf families and at-
tended bilingual or specific schools, depending on
the age. They are all affiliated to a deaf club and
therefore their usual interaction language is LSC.
Including native signers allows to describe natu-
ral grammatical structures at their optimal stage of
neurocognitive development, establishing a reliable
baseline against which to compare other develop-
mental variants or instances of second-language
acquisition. This confirms that the sample of LSC
included in the LSC-CARE contains morphosyn-
tactic structures complex enough to be considered
a baseline. Moreover, a balanced amount of gender
variation and age groups was achieved, belonging
to the three age groups established in the LSC Cor-
pus (Barberà et al., 2015), namely the first group
age from 18 to 30 years old, the second age group
from 31 to 50 years old and the third age group
from 51 to 80 years old. Table 2 summarises the
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Signer ID Dat. Tri. Tra. Gen. Gyn. Ped. Opht. Oto. Der. Pne. Total
EB(Q) 8 7 37 17 8 12 11 12 21 13 146
BF - - 74 - - - - - 72 - 146
CW 72 - - 39 - - - 41 - - 152
DC - - - - - - - 76 71 - 147
DT 19 39 99 46 34 48 54 67 59 30 495
FB 44 22 131 65 23 36 30 37 96 57 541
FW - 68 - - - 70 - - - - 138
GW - 54 - - - - - - - 75 129
NU 65 45 - - 51 - - - - 100 261
TT 65 - 244 - - - - - 109 73 491
YB 43 - 75 - - - - - - 20 138
Total 316 235 660 167 116 166 95 233 428 368 2784

Table 1: Number of segments per anonymised signer and medical domain in LSC-CARE. The row Total reports the
column sum per domain; the column Total reports the row sum per signer. [*] The abbreviations for each column
are as follows: Dat. = personal data; Tri. = triage; Tra. = traumatology; Gen. = general; Gyn. = gynecology; Ped. =
pediatrics; Opht= ophthalmology; Oto. = otorhinolaryngology; Der. = dermatology; Pne. = pneumology.

Male Female Total
18-30 y.o. BF CW 2
31-50 y.o. FB; TT FW; DC 4
51-80 y.o. YB; GW EB; DT; NU 5
Total 5 6 11

Table 2: Signer’s profiles according to age and gender.

different profiles.

2.3 Data characteristics and transcription

The dataset is distributed in Parquet format, with
each instance representing a segmented video
recording mapped to both its linguistic annotations
and target natural language translation. Every sam-
ple includes precise video tracking via the signal
field—which specifies the local file path to the cor-
responding .mov or .mp4 video—alongside sig-
nal_start and signal_end timestamps in seconds to
define the exact temporal boundaries of the seg-
ment. For linguistic supervision, the glosses field
provides human-annotated sign glosses transcribed
in sequential order, while the output field contains
the finalized clinical sentence translation in written
Catalan.

The glosses used in the annotation process of the
LSC-CARE belong to the list of tokens of the LSC
database project developed at the Institut d’Estudis
Catalans (Quer, 2017) and are part of the project
under development LSC SignBank. Using the list
of tokens ensures that the glosses used in the an-
notation remain consistent with the tags. Besides

manually annotating each sign with the correspond-
ing gloss and time slot, the global temporal span
of the signed sentence was also defined with the
corresponding written Catalan translation. Follow-
ing usual technical and methodological motivations
(Fenlon and Hochgesang, 2022), the ID-glosses an-
notation of the LSC-CARE was done by a deaf na-
tive linguist, while the corresponding Catalan trans-
lation was done by an LSC interpreter. This guar-
antees a correct identification of each sign with an
ID-gloss and avoids possible spoken language bias
of the transcription of the structure of the signed
sentence.

3 Dataset Statistics

The complete dataset contains 2,784 segments to-
talling approximately 4.5 hours of active signing.
Data were partitioned 80/10/10 into training (2,227
segments, 3.5 h), validation (278), and test (279)
splits by random shuffling at the segment level
with a fixed seed. The splits are therefore signer-
dependent: all signers may appear in all splits.
This choice is deliberate, given current SLT per-
formance levels on corpora of this size, holding
out entire signers would leave too little training sig-
nal, but it means reported results reflect seen-signer
conditions, a point we return to in the Limitations
(Section 9).

The training split contains 26,145 gloss tokens
over 3,502 types. The distribution is heavily Zip-
fian (estimated slope −1.11): the most frequent
gloss, the first-person index IX1, alone accounts
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Figure 1: Examples of how the dataset was recorded. On the left, the recording setup. On the right, an example
from the dataset for the sentence Yes, I do have diarrhea.

for 7.0% of all tokens, the 100 most frequent types
cover 49.1% of the corpus, while 43.1% of the vo-
cabulary (1,511 types) are singletons and 77.5%
of types occur fewer than five times. Mean gloss
sequence length is 11.8 glosses per segment (me-
dian 10, range 1–66), and mean gloss articulation
duration is 0.56 s (10th–90th percentile 0.15–1.07
s).

The annotation convention encodes morphology
directly in the label. Plain lexical glosses (e.g.
FEBRE, PASTILLA) comprise 29.7% of types but
54.5% of tokens; hyphenated compound and modi-
fied forms — directional indices such as IX1-BD,
classifier constructions such as CL-B, lexicalised
compounds such as TOCAR-COR — comprise
68.1% of types, of which 83.1% occur fewer than
five times, forming most of the long tail. A small
set of fingerspelled sequences (75 types, 0.6% of
tokens), covering names, medication names, and
contact details, is retained as single gloss units fol-
lowing the original annotation. This distribution,
a small dense head and a vast sparse tail domi-
nated by productive morphology, mimics an actual
scenario where patients may employ infrequent or
even out-of-vocabulary expressions.

4 Methodology

We have measured the usefulness of our dataset on
the task of Sign Language Translation (SLT) on the
following different settings (for detailed hyperpa-
rameters, consult section A):

End-to-End: A direct Video-to-Text neural
model that translates sign language video directly
into target text without an explicit gloss supervision
bottleneck.

Cascade: A two-stage pipeline consisting of a
Video-to-Gloss recognition model followed by a
Gloss-to-Text translation model.

Oracle: A baseline model utilizing ground-truth
(reference) glosses as input to the Gloss-to-Text
translation model, serving as the empirical upper
bound for the cascade architecture.

4.1 End-to-End Architecture
The End-to-End (E2E) pipeline maps an input se-
quence of raw video frames directly to a target writ-
ten Catalan sentence without utilizing an intermedi-
ate gloss representation (Sant et al., 2025b). Built
on top of the MultimodalHugs framework (Sant
et al., 2025a) using its video2text module, the
model connects a visual feature extractor, a learned
multimodal mapper, and a sequence-to-sequence
translation backbone.

4.1.1 Visual Feature Extraction
Input sign language videos are temporally subsam-
pled, and each frame is resized to 224 × 224 pix-
els and normalized using ImageNet (Deng et al.,
2009) statistics. Per-frame spatial representations
are extracted using a pretrained CLIP ViT-B/32 vi-
sual encoder (Radford et al., 2021). The extracted
features are the final Transformer encoder layer’s
contrastive projection.

4.1.2 Multimodal Mapping
To bridge the gap between frame-level visual em-
beddings and the token embedding space expected
by the downstream translation decoder, a learned
multimodal mapper projects each 512-dimensional
visual embedding xt ∈ Rdv at frame t into a
mapped feature vector zt ∈ Rdm . We employ a
linear mapper that projects the visual feature ex-
tractor continuous representations to the embed-
ding space of the translation backbone. Different
options were explored, but the following simple
configuration produced the best results while being
the most parameter-wise efficient:

zt = Wxt + b (1)

where W ∈ Rdm×dv and b ∈ Rdm .
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4.1.3 Translation Backbone
We utilize M2M-100 (418M parameters) (Fan et al.,
2021) 2 as the translation backbone. The en-
coder input embeddings are replaced directly by
the mapper’s projected visual frame embeddings,
while the decoder retains its pretrained multilin-
gual sequence-to-sequence weights. Translation
direction is explicitly prompted via special control
tokens: an __lsc__ token is prepended to the in-
put sequence to indicate a sign language source,
and the decoder is initialized with __ca__ to force
generation in written Catalan.

4.2 Cascade Architecture
The Cascade pipeline decomposes sign language
translation into two modular stages: Sign Language
Recognition (SLR / Video-to-Gloss) followed by
Gloss-to-Text (G2T) translation (Camgöz et al.,
2018).

4.2.1 Stage 1: Sign Language Recognition
(Video-to-Gloss)

The SLR model extracts per-frame visual fea-
tures using CLIP ViT-B/32. Because per-frame
CLIP embeddings are temporally independent, tem-
poral context is introduced through two stacked
sequence-modeling components:

Temporal Convolutional Network (TCN): A
two-layer 1D convolutional network processes the
feature sequence along the time axis. The first layer
subsamples the temporal dimension while project-
ing features into a higher dimension; the second
layer applies a dilated convolution to extend the
effective receptive field without further downsam-
pling.

Temporal Transformer Encoder: The down-
sampled sequence is processed by a stack of Trans-
former encoder layers (Vaswani et al., 2017). Stan-
dard sinusoidal positional encodings are added be-
fore the first layer to inject temporal order:

PE(t,2i) = sin

(
t

100002i/d

)
,

PE(t,2i+1) = cos

(
t

100002i/d

) (2)

where d is the model dimension and t is the frame
position. Pre-layer normalization is applied before
each sub-layer for training stability.

2https://huggingface.co/facebook/m2m100_418M

A linear projection layer maps the output of the
Temporal Transformer encoder to a frame-level
distribution over the target gloss vocabulary (plus
the CTC blank token ϵ). The recognition stage is
trained alignment-free using Connectionist Tempo-
ral Classification (CTC) loss. At inference time,
predicted frame alignments are collapsed into a dis-
crete gloss sequence g via greedy or beam-search
decoding.

4.2.2 Stage 2: Gloss-to-Text Translation
The predicted gloss sequence g is passed to the
downstream G2T model, which consists of a fine-
tuned M2M-100 (418M) backbone trained on
(gloss sequence, Catalan sentence) pairs. The same
control token protocol is maintained: __lsc__
prompts the input gloss sequence and __ca__ trig-
gers target text generation.

4.3 Oracle Baseline

Because the Cascade pipeline decouples recogni-
tion from translation, we also evaluate the G2T
model in an Oracle setting. In this configuration,
the visual SLR model is bypassed entirely, and
ground-truth (reference) glosses from the dataset
are fed directly into the fine-tuned M2M-100 trans-
lation backbone. This setup isolates the Gloss-to-
Text generation capacity from visual perception
noise, establishing an empirical performance upper
bound for the cascade paradigm.

4.4 Evaluation

Evaluation is conducted using standard lexical pre-
cision metrics (BLEU (Papineni et al., 2002), ChrF
(Popović, 2015) ), TER (Snover et al., 2006) and
semantic/quality estimation metrics (BERTScore
F1 (Zhang et al., 2020), CometKiwi (Rei et al.,
2022)). Statistical significance is assessed via Pear-
son correlation (r), Spearman rank correlation (ρ),
one-way ANOVA (St»hle and Wold, 1989), and
Kruskal-Wallis non-parametric tests (Ostertagova
et al., 2014).

5 Experimental Setup

All models and experimental pipelines were imple-
mented in Python using PyTorch (Paszke et al.,
2019) as the primary deep learning framework.
Evaluation was performed using sacrebleu (Post,
2018) 3. All experiments where conducted on a
single NVIDIA RTX 3090 with 24GB of VRAM

3"nrefs:1|case:mixed|eff:no|tok:13a|smooth:exp|version:2.5.1"
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and using 50GB of system RAM. Each training
took approximately 2 days under these settings.

Due to structural differences in model architec-
ture and infrastructure requirements, the two core
translation paradigms were implemented using dis-
tinct framework ecosystems.

5.1 End-to-End Pipeline Implementation

The End-to-End (e2e) pipeline was built using
multimodalhugs, an open-source extension of the
Hugging Face ecosystem designed for training,
evaluating, and deploying multimodal architectures
within standard Hugging Face workflows. The
framework provides a generalized data pipeline ca-
pable of processing heterogeneous multimodal in-
puts. Experiment execution is managed via YAML-
based configuration files, with full integration with
Weights & Biases (W&B) for real-time tracking,
metric logging, checkpoint saving, and experiment
resumption.

5.2 Gloss-Based Cascade Pipeline
Implementation

Because existing open-source libraries provided in-
sufficient support for the two-stage visual-to-gloss-
to-text pipeline, the Cascade architecture was im-
plemented from scratch using PyTorch:

Video-to-Gloss (V2G): The first-stage visual
recognition network uses a custom PyTorch im-
plementation combining the feature extraction and
projection modules described in Section 4.2.

Gloss-to-Text (G2T): The second-stage text gen-
eration module directly fine-tunes a pre-trained
M2M-100 (418M) model checkpoint using the na-
tive Hugging Face Trainer API.

Both stages of the gloss-based pipeline support
metric-driven early stopping, automatic checkpoint-
ing, and W&B experiment tracking.

6 Results

In this section, we present an empirical evalua-
tion of three translation setups: the direct End-to-
End (E2E) model, the two-stage Cascade model,
and the Oracle model (which consumes ground-
truth target glosses to establish an empirical up-
per bound). We analyze corpus-level performance,
sequence length behaviors, domain topic sensitiv-
ity, and demographic fairness across signers, age
groups, and genders.

6.1 Overall System Performance and Output
Lengths

Table 3 summarizes overall corpus-level perfor-
mance alongside generated sentence length statis-
tics across all three architectures. Ground-truth
gloss translation (Oracle) outperforms all mod-
els across every metric, reaching a BLEU score
of 25.97, ChrF of 48.14, BERTScore F1 of 84.28,
and CometKiwi of 55.86.

The two-stage Cascade model consistently out-
performs direct E2E translation on surface and lex-
ical precision, gaining +1.90 BLEU points, +4.19
ChrF points, and +3.68 BERTScore F1 points.
However, both architectures yield comparable
overall semantic quality according to CometKiwi
(42.40 for E2E vs. 41.58 for Cascade).

A notable difference emerges in generated text
volume:

E2E model: generates an average prediction
length of 13.22±9.43 words, closely mirroring the
target reference length distribution (15.09 ± 9.73
words).

Cascade model: exhibits severe sentence trunca-
tion, averaging only 9.67± 6.80 predicted words
per sample.

Comparing Cascade against Oracle isolates the
performance bottleneck introduced during visual
sign recognition (Video-to-Gloss). Visual recog-
nition errors account for large drops across all
metrics: −21.17 BLEU (25.97 → 4.80), −28.48
ChrF (48.14 → 19.66), −11.15 BERTScore
F1 (84.28 → 73.13), and −14.28 CometKiwi
(55.86 → 41.58). Furthermore, removing video
recognition errors restores prediction sequence
length from 9.67 words to 14.56 ± 10.24 words
in the Oracle setup.

6.2 Length Effects and Correlation Analysis

We evaluated the relationship between sequence
length variables and performance metrics using
sample-level Pearson (r) and Spearman (ρ) corre-
lation tests (Table 8).

All models display statistically significant neg-
ative correlations between target lengths (Gloss
Length and Reference Word Length) and n-gram
precision (BLEU, p < 0.001). Longer input sign-
ing sequences compound translation degradation.

However, output length dynamics differ funda-
mentally:
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Model Avg Words WER ↓ BLEU ↑ ChrF ↑ BS F1 ↑ CKiwi ↑
E2E 13.22± 9.43 – 2.90 15.47 69.45 42.40
Cascade 9.67± 6.80 83.24 4.80 19.66 73.13 41.58
Oracle 14.56± 10.24 – 25.97 48.14 84.28 55.86

Table 3: Overall Corpus Results and Prediction Length Statistics across Evaluation Pipelines (Reference Target:
15.09± 9.73 words, 11.04± 6.77 glosses).

E2E Character Overlap: In E2E, generating
longer sequences strongly correlates with higher
character-level precision (ChrF Pearson r =
0.320, p < 0.001; Spearman ρ = 0.631, p <
0.001). While producing longer hypotheses in-
creases character match rates, it does not translate
into higher sequence-level BLEU or BERTScore
F1.

Oracle Uniform Degradation: In the Oracle sys-
tem, longer generated sequences yield uniformly
lower scores across all metrics (p < 0.05), suggest-
ing that longer sequences remain harder to translate
even when visual recognition noise is removed.

6.3 Categorical, Demographic, and Domain
Analysis

To analyze system stability across topics and demo-
graphics (Signer ID, Age Group, Gender), we con-
ducted parametric one-way ANOVA (F ) and non-
parametric Kruskal-Wallis (H) hypothesis tests (Ta-
ble 4).

The statistical test comparisons yield three key
structural insights:

Signer and Demographic Invariance in Cascade:
In the Cascade model, performance variations
across signers, age groups, and genders are sta-
tistically non-significant (p > 0.05). This is consis-
tent with the intermediate gloss sequence abstract-
ing away signer-specific visual variation, although,
given the low absolute scores, part of this invari-
ance may reflect a floor effect (see Section 9).

Demographic Sensitivity in E2E: The E2E ar-
chitecture exhibits significant sensitivity across
signers (p < 0.001), age groups (p < 0.01), and
genders (p < 0.05). For example, the 18–30
age bracket achieves higher BLEU (2.72) and
BERTScore F1 (69.24) than older signers, while
female signers score higher on CometKiwi (28.07
vs. 24.41). E2E models appear to directly inherit
visual domain bias without intermediate abstrac-
tion.

Origin of Demographic Disparities: In the Or-
acle system, demographic variance across Age
Group and Gender drops to complete statistical
non-significance (p > 0.05). This suggests that
observed demographic disparities in sign language
translation originate entirely within the visual fea-
ture extraction phase rather than downstream text
translation.

7 Discussion

The comparative evaluation yields a central empir-
ical finding: an explicit gloss bottleneck appears
to be a useful inductive bias in an extreme low-
resource Sign Language Translation (SLT) setting.
The cascade pipeline outperforms the end-to-end
model on overlap-based metrics, with compara-
ble CometKiwi scores, despite high error rates in
the initial recognition stage. This performance dif-
ferential indicates that even noisy symbolic inter-
mediates retain sufficient structural information to
constrain sequence generation better than direct
visual conditioning, which—when trained on ap-
proximately 3.5 hours of video—exhibits severe
target-language degeneration toward fluent yet un-
faithful output. Qualitatively, the primary failure
mode of the end-to-end architecture is topic hallu-
cination, characterized by syntactically fluent Cata-
lan output detached from source content, occasion-
ally degenerating into long templated narratives.
In contrast, cascade errors are traceable directly to
transcription noise within the intermediate recogni-
tion stage. Section C shows a list of examples of
the most common translations errors produced by
our systems.

Detailed analysis of generation errors via Trans-
lation Edit Rate (TER) alignment—which accounts
for phrasal block shifts alongside standard edit dis-
tance—identifies 3,872 edit operations across 4,210
reference tokens, yielding an overall cascade TER
of 91.97%. The error distribution is dominated by
substitutions (43.87%, 1,847 instances) and dele-
tions (40.02%, 1,685 instances), whereas insertions
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Cascade End-to-End Oracle

Category Metric ANOVA F Kruskal H ANOVA F Kruskal H ANOVA F Kruskal H

Topic
BLEU 1.420 (n.s.) 14.385 (n.s.) 0.421 (n.s.) 14.544 (n.s.) 1.597 (n.s.) 18.404∗

ChrF 1.813 (n.s.) 15.651 (n.s.) 0.434 (n.s.) 11.503 (n.s.) 3.001∗∗ 22.577∗∗

CometKiwi 1.981∗ 15.892∗ 5.444∗∗∗ 42.852∗∗∗ 3.053∗∗ 21.716∗∗

Signer
BLEU 0.891 (n.s.) 15.283 (n.s.) 2.979∗∗ 31.874∗∗∗ 1.238 (n.s.) 15.154 (n.s.)
ChrF 0.823 (n.s.) 2.907 (n.s.) 3.724∗∗∗ 60.757∗∗∗ 1.404 (n.s.) 14.714 (n.s.)
CometKiwi 1.655 (n.s.) 13.806 (n.s.) 5.079∗∗∗ 47.073∗∗∗ 2.520∗∗ 22.073∗

Age Group
BLEU 0.607 (n.s.) 2.945 (n.s.) 9.974∗∗∗ 11.930∗∗ 0.052 (n.s.) 0.217 (n.s.)
CometKiwi 1.465 (n.s.) 2.303 (n.s.) 5.819∗∗ 11.868∗∗ 1.549 (n.s.) 3.361 (n.s.)

Gender CometKiwi 3.292 (n.s.) 0.996 (n.s.) 5.887∗ 3.969∗ 0.141 (n.s.) 0.181 (n.s.)
∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001, n.s. = not significant.

Table 4: ANOVA (F ) and Kruskal-Wallis (H) Tests Across Domain Topics and Demographic Factors.

(4.13%, 174 instances) and block shifts (3.94%,
166 instances) occur at markedly lower frequencies.
The low shift frequency indicates that word-order
misalignment is minimal, indicating that phrase
structure is largely preserved when target vocabu-
lary is correctly generated. Conversely, high dele-
tion rates reflect a sequence collapse associated
with the underlying Connectionist Temporal Clas-
sification (CTC) recognition bottleneck in visually
ambiguous regions. High substitution rates point
to downstream language model hallucination when
generating text from truncated gloss input. Perfor-
mance varies across thematic domains, with higher
error rates recorded in specialized categories such
as Dermatology (96.67% TER) and Pneumology
(94.24% TER) compared to broader categories like
Triage (87.99% TER) and Personal Data (89.29%
TER). Errors on fingerspelled and numeric content
(e.g., dosages, contact details) remain clinically
critical while contributing proportionally little to
aggregate overlap metrics.

Categorical decomposition across signers reveals
bounded variance (ranging from 82.67% TER for
signer GW to 101.11% for CW), consistent with
the hypothesis that symbolic gloss representations
mitigate signer-specific visual variance. However,
given the high baseline error rate, this relative in-
variance may partially reflect a floor effect. Fur-
thermore, as data splits are signer-dependent, gen-
eralization to unseen signers remains unverified. Fi-
nally, oracle experiments delineate the upper bound
of gloss-mediated approaches: even with error-free
recognition, a subset of target sentences receives
low scores, highlighting information unencoded
by standard gloss sequences, such as spatial gram-
mar, non-manual markers, and deictic references.

These findings point toward two clear research
directions: improving visual recognition through
motion-aware encoders and pose dynamics, and en-
riching the intermediate representation beyond uni-
gram glosses without removing the structured inter-
mediate supervision required in data-constrained
settings.

8 Conclusions

We presented LSC-CARE, the first annotated cor-
pus of Catalan Sign Language for medical com-
munication: 2,784 segments across ten emergency-
care topics, signed by 11 deaf native signers and
annotated with ID-glosses and Catalan translations
by deaf and hearing experts. Benchmarking three
translation settings, we found that a gloss-based
cascade clearly outperforms a gloss-free end-to-end
model under extreme data scarcity, that the cascade
is robust to signer identity where the end-to-end
model is not, and that the dominant bottleneck is
recall in the visual recognition stage rather than
gloss-to-text generation. These results establish
reproducible baselines for medical LSC transla-
tion and suggest that for severely under-resourced
sign languages, structured intermediate supervision
buys more than its annotation cost. Future work in-
cludes motion- and pose-aware visual encoders tar-
geting classifier constructions and dedicated letter-
level fingerspelling recognition. LSC-CARE and
evaluation code will be publicly released.

9 Limitations

LSC-CARE is a domain-specific resource, and
its limitations follow from its design. First, the
data consists of scripted question–answer interac-
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tions recreated from hospital emergency protocols
rather than spontaneous doctor–patient conversa-
tion; elicited signing may differ from naturalistic
clinical discourse in register and turn-taking, and
models trained on it may not transfer to conversa-
tional or non-medical settings.

Second, our data splits are random at the seg-
ment level, so all signers and topics are seen dur-
ing training. We consider signer-independent eval-
uation premature at current performance levels
and corpus size, but this means our results char-
acterise seen-signer conditions only, and the cas-
cade’s signer invariance should not be read as gen-
eralisation to unseen signers.

Third, the corpus is small ( 4.5 hours), constrain-
ing architectural conclusions: the low absolute
scores mean some null results, including aspects
of the signer-invariance finding, may partly reflect
floor effects. Our correlation and categorical anal-
yses also involve many hypothesis tests without
multiple-comparison correction, so individual sig-
nificance values should be interpreted cautiously.

Fourth, sequences making heavy use of classifier
predicates were excluded from the current anno-
tated release because lexicon-based conventions
cannot yet transcribe them consistently. Since clas-
sifier predicates are central to symptom description,
this removes some of the most clinically relevant
material; annotating it is a priority for future re-
leases. Relatedly, fingerspelled items are retained
as single opaque gloss units, which our error anal-
ysis identifies as a weakness for exactly the con-
tent where errors matter most, such as medication
names and identifiers.

Finally, evaluation is automatic only. No hu-
man evaluation with Deaf users, interpreters, or
clinicians was conducted, and automatic metrics
under-penalise clinically critical errors such as lat-
erality mistakes or corrupted contact information;
the systems reported here are research baselines,
not deployable clinical tools.

10 Ethical Statement

The procedure performed in this study was con-
ducted in accordance with the ethical standards of
the institutional research committee of our institu-
tion. Written informed consent was obtained from
all 11 participating signers prior to recording, cov-
ering both their participation in the study and the
public release of their identifiable video recordings
as part of the dataset; participants were informed

that, unlike text or audio, signed video cannot be
anonymised without destroying its linguistic con-
tent, and retained the right to withdraw at any point
before release.

Regarding representativeness, the signer pool
was balanced by age and gender (Table 2) but is
homogeneous in ethnicity, with all 11 signers be-
ing white/Caucasian. This reflects the demographic
composition of the Catalan Deaf signing commu-
nity from which participants were recruited, rather
than a sampling choice, but it means the dataset
does not capture the visual or linguistic variation
associated with more ethnically diverse Deaf com-
munities, and systems trained on it should not be
assumed to generalise to signers outside this demo-
graphic profile without further validation.
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A Training Hyperparameters

Hyperparameter Value

Trainable components All model components
Projected feature dimension 512
Optimizer AdamW (β1 = 0.9, β2 = 0.998)
LR schedule Inverse square root
Effective batch size 64 (1× 64 accumulation steps)
Gradient clipping Disabled (max grad norm = 0)
Weight decay 0
Label smoothing 0.1
Frame stride 2
Precision FP16
Early stopping Patience = 15 (metric: SacreBLEU)
Decoding metric SacreBLEU + ChrF

Table 5: Hyperparameter configurations for the End-to-End (E2E) translation model.

B Length and Performance Comparison
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Component Hyperparameter Value

Visual Backbone (shared)

CLIP encoder Checkpoint openai/clip-vit-base-patch32
CLIP encoder Output representation 512-dim contrastive projection

Temporal CNN (Video-to-Gloss)

Conv layer 1 Filters 2,048
Conv layer 1 Kernel size 5
Conv layer 1 Stride 2
Conv layer 1 Padding Same-style
Conv layer 2 Filters 512
Conv layer 2 Kernel size 5
Conv layer 2 Dilation 2 (effective receptive field: 9 frames)
Conv layer 2 Stride 1
Conv layer 2 Output dimension 512
Both layers Normalisation Batch normalisation
Both layers Activation ReLU
Both layers Dropout 0.2

Temporal Transformer Encoder (Video-to-Gloss)

Positional encoding Type Sinusoidal
Positional encoding Dropout 0.1
Encoder Layers 6
Encoder Model dimension 512
Encoder Attention heads 8
Encoder FFN dimension 2,048
Encoder Attention dropout 0.1
Encoder FFN dropout 0.1

Output Head (Video-to-Gloss)

Linear head Input dimension 512
Linear head Gloss vocabulary size 3,951 classes
Linear head Training/inference loss CTC

Gloss-to-Text (G2T)

Backbone Architecture M2M-100
Backbone Parameters 418M
Backbone Shared vocabulary 128,113 tokens
Backbone Encoder layers 12
Backbone Decoder layers 12
Backbone Model dimension 1,024
Backbone FFN dimension 4,096
Backbone Special token __lsc__ Marks input as LSC gloss sequence

Table 6: Hyperparameter configuration for the Cascade architecture using the 512-dimensional CLIP contrastive
projection variant, split into the Video-to-Gloss (V2G) recognition stage and the Gloss-to-Text (G2T) translation
stage.
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Hyperparameter Video-to-Gloss (V2G) Gloss-to-Text (G2T)

Base model / backbone CLIP ViT-B/32 (unfrozen) M2M-100 418M (fine-tuned)
Optimizer AdamW (β1 = 0.9, β2 = 0.998) AdamW (β1 = 0.9, β2 = 0.998)
Learning rate (backbone) 5× 10−6 —
Learning rate (other / full) 5× 10−4 3× 10−5

LR schedule Linear warmup + cosine decay Warmup ratio 0.1
Warmup steps / ratio 200 steps Ratio 0.1
Max epochs 80 15
Batch size (per device) 2 8
Gradient accumulation 32 (effective 64) 4
Weight decay 0.01 (backbone) / 0.05 (full) 0.05
Gradient clipping 5.0 —
Frame stride 2 —
Max sequence length — 128 tokens
Decoding — Beam search (k = 5)
Precision FP16 FP16
Early stopping Patience 10 (WER) Patience 5 (SacreBLEU)

Table 7: Hyperparameter configurations for the Cascade model, split in Video-to-Gloss (V2G) and Gloss-to-Text
(G2T) model training.

Cascade End-to-End Oracle

Variable Metric Pearson r Spearman ρ Pearson r Spearman ρ Pearson r Spearman ρ

Gloss Length

BLEU −0.266∗∗∗ −0.422∗∗∗ −0.187∗∗ −0.398∗∗∗ −0.277∗∗∗ −0.233∗∗∗

ChrF −0.095 (n.s.) 0.036 (n.s.) −0.044 (n.s.) −0.115 (n.s.) −0.238∗∗ −0.184∗∗

BERTScore F1 −0.169∗∗ −0.131∗ −0.030 (n.s.) 0.006 (n.s.) −0.320∗∗∗ −0.273∗∗∗

CometKiwi −0.113 (n.s.) −0.017 (n.s.) −0.003 (n.s.) 0.051 (n.s.) −0.190∗∗ −0.133∗

Ref Word Length

BLEU −0.309∗∗∗ −0.512∗∗∗ −0.242∗∗∗ −0.473∗∗∗ −0.303∗∗∗ −0.251∗∗∗

ChrF −0.143∗ 0.007 (n.s.) −0.098 (n.s.) −0.156∗ −0.321∗∗∗ −0.303∗∗∗

BERTScore F1 −0.168∗∗ −0.119 (n.s.) 0.023 (n.s.) 0.091 (n.s.) −0.335∗∗∗ −0.295∗∗∗

CometKiwi −0.108 (n.s.) −0.049 (n.s.) 0.005 (n.s.) 0.075 (n.s.) −0.198∗∗ −0.149∗

Pred Word Length

BLEU −0.161∗∗ −0.166∗∗ 0.006 (n.s.) 0.063 (n.s.) −0.266∗∗ −0.183∗∗

ChrF 0.066 (n.s.) 0.280∗∗∗ 0.320∗∗∗ 0.631∗∗∗ −0.228∗ −0.159∗

BERTScore F1 −0.069 (n.s.) −0.008 (n.s.) −0.052 (n.s.) 0.040 (n.s.) −0.345∗∗∗ −0.253∗∗∗

CometKiwi −0.102 (n.s.) −0.032 (n.s.) −0.059 (n.s.) −0.013 (n.s.) −0.224∗∗ −0.155∗

∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001, n.s. = not significant.

Table 8: Sample-Level Correlation Analysis between Length Variables and Evaluation Metrics.
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C Translation Examples

The examples below focus on the most frequent and
clinically important categories: catastrophic hallu-
cination, V2G recognition collapse, partial gloss
confusion, structured contact-information errors,
and templated over-generation. Green highlighting
marks content that correctly matches or preserves
the reference, while red highlighting marks the spe-
cific error being illustrated.

Topic hallucination. This is the most common
error of the gloss-free end-to-end system. Rather
than producing a disfluent or partially correct trans-
lation, the model frequently generates a fluent,
grammatical Catalan sentence about an entirely
different clinical topic. Example C.1 illustrates this
behaviour.

Example C.1: Topic substitution in the gloss-free sys-
tem (Sample 1)

Reference gloss: SI IX1 PARE-2 ULLS-1 UN
IX-ULLS-DRETA-1 CATARACTES-4 UN

Reference: Sí, el meu pare té cataractes a l’ull
dret.
(“Yes, my father has cataracts in his right
eye.”)

E2E prediction: Sí, quan vaig amb bicicleta i
em ve l’aire de cara em ploren els ulls, sí.
(“Yes, when I ride my bike and the wind blows
in my face my eyes water, yes.”)

Cascade: Sí, el meu pare nom és el meu pare.
(BLEU-1 55.6, chrF 0.712)
Oracle: Sí, el meu pare té un ull esquerre amb
cataractes, un altre amb el dret. (BLEU-1
46.7, chrF 0.730)

The end-to-end system retains only the discourse
marker “Sí” and replaces the clinical statement
with an unrelated but fluent sentence about watery
eyes while cycling. The output remains loosely eye-
related, but it does not contain any of the source in-
formation about the father, cataracts, or the affected
right eye. The cascade hallucinates less because
the recognised glosses still preserve the subject,
but the missing cataract and eye-location signs lead
the G2T model to produce a semantically incorrect
sentence. The oracle translation shows a differ-
ent problem: even with accurate glosses, the text
generator can distort laterality, which is clinically
significant in medical communication.

Recognition-stage collapse masking a correct
G2T stage. A recurring cascade pattern is that the
G2T stage performs well when given an accurate
gloss sequence, but the full pipeline fails because
the upstream V2G model produces an empty or
severely corrupted recognition. Example C.2 is
the clearest case: the oracle exactly reproduces the
reference, while the cascade collapses to a generic
filler utterance.

Example C.2: V2G recognition collapse (Sample 35)

Reference gloss: DORMIR PROBLEMA
HAVER-NO HAVER-NO RES-5 RES-5
Predicted gloss: (empty)

Reference: No tinc cap problema per dormir.
(“I have no problem sleeping.”)

E2E prediction: Em fa mal el cul, a les vérte-
bres de baix.
(“My bottom hurts, in the lower vertebrae.”)

Cascade: Sí, sí. (BLEU-1 0.0, chrF 0.103)
Oracle: No tinc cap problema per dormir.
(BLEU-1 100.0, chrF 1.000, exact match)

Here the V2G model recognises no glosses at all
for a six-token reference sequence. The G2T model
therefore receives no meaningful source content
and falls back to “Sí, sí.”, producing simultaneous
hallucination, omission, and under-generation. The
end-to-end system also fails, but in a different way:
it hallucinates an unrelated complaint about lower-
back pain.

Example C.3 shows a less extreme version of
the same phenomenon. The V2G output pre-
serves the falling/stairs predicate, but substitutes
the shopping-centre context with unrelated signs,
causing the final translation to combine a correct
event frame with invented details.

Example C.3: Partial gloss confusion (Sample 97)

Reference gloss: IX1-5 CENTRE COMERCIAL
CL-2D BAIXANT-ESCALA CL-2
PERSONA-CAIENT-A-LA-VOLTA
Predicted gloss: PATINET DUTXAR-SE
IX-LLOC ESCALA CL-B CL-2
PERSONA-CAIENT

Reference: Vaig caure per les escales del cen-
tre comercial.
(“I fell down the stairs of the shopping cen-
tre.”)
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E2E prediction: Em fa mal el dit gros del peu
esquerre, perquè em vaig donar un cop al peu
amb la vorera.
(“My big toe hurts, because I hit my foot on
the curb.”)

Cascade: M’he dutxat amb patinet i he caigut
per les escales. (BLEU-1 20.0, chrF 0.720)
Oracle: Vaig caure per les escales del cen-
tre comercial. (BLEU-1 100.0, chrF 1.000,
exact match)

The recognised gloss sequence keeps
PERSONA-CAIENT and ESCALA, so the cas-
cade correctly produces the notion of falling on
stairs. However, CENTRE COMERCIAL is replaced
by PATINET DUTXAR-SE, leading to a fluent but
impossible clause about showering with a scooter.
This type of output is particularly risky because it
can remain plausible as a medical complaint while
being factually wrong.

Numeric and contact-information errors. Per-
sonal contact information is encoded through fin-
gerspelling and digit signs, placing strong demands
on temporal resolution and fine-grained handshape
recognition. Example C.4 shows how a small recog-
nition error can have a large semantic cost.

Example C.4: Fingerspelled email address (Sample 2)

Reference gloss: IX1 MAIL VINT I VUIT DC
A-N-N-A CINC ARROVA HOTMAIL DC C-O-M
Predicted gloss: IX1 MAIL DC A-N-N-A CINC
DC PUNT-0E DC C-O-M

Reference: El meu correu és vint-i-vuit anna
cinc arrova hotmail com.
(“My email is twenty-eight anna five at hotmail
com.”)

E2E prediction: El meu correu és EAP, ara no
ho sé, EAP asterisc al mig, ni a dalt ni a baix,
al mig, vint-i-quatre arrova gmail com.

Cascade: El meu correu és anna cinc punt
com. (BLEU-1 70.0, chrF 0.745)
Oracle: El meu correu és vint-i-vuit, anna,
cinc, arrova hotmail com. (BLEU-1 70.0,
chrF 0.975)

The V2G model drops the leading numeral se-
quence VINT I VUIT and misrepresents the do-
main marker, so the cascade preserves the broad
email template while losing crucial identifier con-

tent. The BLEU-1 score remains relatively high
because many surrounding words overlap, but a
missing two-digit element in contact information
is much more serious than the metric suggests.

Templated hallucination and over-generation.
The most severe over-generation cases reveal a dis-
tinct failure mode in which the end-to-end model
appears to fall back on a long memorised response
largely independent of the input. Example C.5
shows the most extreme instance.

Example C.5: Templated over-generation (Sample 40)

Reference gloss: IX-CARA-5 SI

Reference: Sí, uf.
(“Yes, ugh.”)

E2E prediction: Sí, em van aplicar calor per
poder fer els estiraments, em van aplicar aque-
sta calor als braços i cames. Però quan vaig
començar a jugar a futbol, estava corrent i vaig
notar que se m’enrampava la cama, em feia mal
i vaig agafar gel, quan vaig aplicar el fred ja em
va marxar la rampa, però com que em costava
caminar al final vaig seure per descansar.
(A 56-word fabricated narrative about sports
injury, heat therapy, and cramping.)

Cascade: Sí, sí. (BLEU-1 50.0, chrF 0.714)
Oracle: Sí, a la cara. (BLEU-1 25.0, chrF
0.476)
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