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Abstract

Sign languages, used by around 70 million Deaf individuals
globally, are visual languages that convey visual and contex-
tual information. Current methods in vision-based sign lan-
guage recognition (SLR) and translation (SLT) struggle with
dialogue scenes due to limited dataset diversity and the ne-
glect of contextually relevant information. To address these
challenges, we introduce SCOPE (Sign language COntextual
Processing with Embedding from LLMs), a novel context-
aware vision-based SLR and SLT framework. For SLR, we
utilize dialogue contexts through a multi-modal encoder to
enhance gloss-level recognition. For subsequent SLT, we fur-
ther fine-tune a Large Language Model (LLM) by incorpo-
rating prior conversational context. We also contribute a new
sign language dataset that contains 72 hours of Chinese sign
language videos in contextual dialogues across various sce-
narios. Experimental results demonstrate that our SCOPE
framework achieves state-of-the-art performance on multi-
ple datasets, including Phoenix-2014T, CSL-Daily, and our
SCOPE dataset. Moreover, surveys conducted with partici-
pants from the Deaf community further validate the robust-
ness and effectiveness of our approach in real-world applica-
tions.

Code and Supplementary Materials —
https://github.com/Godheritage/SCOPE

Introduction

Sign language is the vital visual language used by the Deaf
and hard of hearing. Hence, vision-based sign language un-
derstanding provides a communication bridge between the
Deaf and hearing communities. Such a bridge should accu-
rately and conveniently convey complex contextual informa-
tion during communication between us humans, especially
for dialogue scenarios.

Currently, the two main tasks in vision-based sign
language processing include Sign Language Recognition
(SLR) (Jiao et al. 2023; Wei and Chen 2023; Zheng et al.
2023) and Sign Language Translation (SLT) (Zhao et al.
2024; Chen et al. 2022b; Yin et al. 2023). SLR converts
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visual signals into intermediate gloss sequences (Stokoe Jr
2005), while SLT translates visual signals or glosses into
natural language. Yet, we notice that most existing meth-
ods, both SLR and SLT, focus on translating one sen-
tence at a time, largely ignoring the contextual informa-
tion of dialogue scenes. Indeed, it’s mainly due to the se-
vere lack of sign language datasets for dialogue scenes with
sufficient contextual information. For example, the widely
adopted PHOENIX2014 (Koller, Forster, and Ney 2015)
and PHOENIX2014T datasets (Camgoz et al. 2018) focus
on weather forecasts. The How2Sign dataset (Duarte et al.
2021) addresses everyday scenarios but only contains iso-
lated sign language sentences. The CSL-Daily dataset (Zhou
et al. 2021a) contains daily sentences but they lack preced-
ing or following context and are essentially still indepen-
dent statements. On the other hand, in the field of Natural
Language Processing, recent advances (Ouyang et al. 2022;
Touvron et al. 2023; qwe 2024) with large language models
(LLMs) have demonstrated that contextual information can
significantly improve semantic understanding and linguis-
tic abilities. Some recent methods (Gong et al. 2024; Wong,
Camgoz, and Bowden 2024) utilize LLMs for sign language
understanding. Yet, they still focus on per-sentence transla-
tion and fall short of analyzing the contextual information
for dialogue scenarios. In a nutshell, both the dataset and
methodology for contextual vision-based sign language pro-
cessing remain far-reaching.

To this end, we introduce SCOPE, a contextual sign lan-
guage recognition and translation approach tailored for the
dialogue scenes, as shown in Fig. 1 for overview. Specifi-
cally, we first contribute a context-based dataset of Chinese
sign language dialogues. Our dataset covers a wide range of
both daily and professional conversations like shopping and
medical treatment. It includes 59,231 dialogue sequences
totaling 72.4 hours. For each sequence, we provide video
footage, gloss annotations, and dialogue texts, all by profes-
sional Deaf individuals from diverse backgrounds.

Secondly, we provide a strong baseline for vision-based
contextual sign language processing, which organically uti-
lizes recent LLMs to extract the contextual information from
our unique dataset. For the SLR task, we extract sign mo-
tion features from the video footage and then introduce a
novel embedding alignment module to align them to the con-
text embeddings from a frozen LLM. Then, we feed these
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Figure 1: (a) Our SCOPE dataset contains rich contextual information and sign language videos. (b) Our SCOPE framework
is a robust context-aware sign language recognition/translation model capable of recognizing dialogue-based sign language
gestures, predicting glosses, and generating spoken sentences with the aid of LLMs.

aligned motion/context embeddings into a gloss encoder to
obtain the recognized gloss sequences. We observe that such
an alignment between the current motions and the preceding
contextual information from the LLM is crucial for perfor-
mance gain. It preserves both the motion and semantic in-
formation of the sign language while enabling the concate-
nation of the contextual embeddings with the input. For the
subsequent SLT task, we further leverage the contextual un-
derstanding capabilities of the LLM. We use the gloss output
from the previous SLR module and the contextual text as in-
puts and adopt Q-LoRA (Dettmers et al. 2023) to efficiently
fine-tune a pretrained LLM model, achieving accurate and
natural translations that are closely aligned with the context.

For validation, we conduct comprehensive experiments
on both our unique contextual dataset and previously
context-free datasets and showcase a companion live demo
for sign language translation, which demonstrates the state-
of-the-art performance of our approach. In summary, we
provide a novel vision-based, context-driven sign language
processing approach that utilizes LLMs to address SLR and
SLT tasks in dialogue and communication settings. We also
contribute a large-scale contextual dataset of Chinese sign
dialogues. We believe that both our dataset and baseline ap-
proach are the first of their kind to open up the research
direction towards context-aware and vision-based sign lan-
guage analysis. Both our benchmark dataset and baseline ap-
proach will be made publicly available.

Related Works

Sign Language Recognition. (SLR) focuses on recognizing
glosses from sign videos. While progress has been made in
Isolated SLR (ISLR) (Albanie et al. 2020; Tunga, Nutha-
lapati, and Wachs 2021; Li et al. 2020c; Hu et al. 2021;
Li et al. 2020a), current research is shifting to Continuous
SLR (CSLR), which converts continuous sign videos into
sentence-level gloss sequences. This task involves two main
components: feature extraction and translating these features
into gloss sequences.
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Visual feature extraction often involves extracting fea-
tures from RGB images using CNNs (Chen et al. 2022a;
Li et al. 2020b; Hu et al. 2023c; Min et al. 2021). These
features are then modeled with temporal frameworks like
RNNs (Camgoz et al. 2018; Ko et al. 2019), LSTMs (Hu
et al. 2023a; Cui, Liu, and Zhang 2019), and Transform-
ers (Camgoz et al. 2020; Voskou et al. 2021; Yin and Read
2020) to capture the connection between visual signals and
glosses. Some approaches (Zhou et al. 2021b; Papadimitriou
and Potamianos 2020) utilize estimated keypoint sequences
to describe motions through spatial coordinates or generate
heatmaps (Chen et al. 2022b, 2024). However, many meth-
ods require video processing, which can be slow and space-
consuming, limiting their practical application.

Decoding the extracted features into gloss sequences
needs temporal modeling. Hidden Markov Models (HMMs)
(Koller, Zargaran, and Ney 2017; Gao et al. 2004; Koller
et al. 2016) and Connectionist Temporal Classification
(CTC) (Cheng et al. 2020; Zhou et al. 2021b; Min et al.
2021) are commonly used for this purpose. However, most
existing methods focus on frame-wise or sentence-wise in-
formation, often neglecting the broader linguistic context,
resulting in the loss of important language features.

Sign Language Translation. (SLT) aims to translate sign
language directly into natural language, bridging the gap
between the Deaf community and hearing individuals. This
task is challenging due to the modality gap between visual
signal and text, compounded by the scarcity of context sign
language datasets. Many approaches (Camgoz et al. 2020;
Zhou et al. 2021b,a) use SLR results to aid translation. Joint
training of SLR and SLT modules has also been explored
to improve performance. Some researchers (Li et al. 2020b;
Camgoz et al. 2018; Zhou et al. 2023) seek to eliminate
gloss by directly translating sign language videos into text
using techniques like Conditional Variational Autoencoders
and Transformers. SLT involves projecting visual features
into coherent textual representations, necessitating insights
from both computer vision and natural language processing.
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Figure 2: Overview of SCOPE framework. Our Embedding Alignment Encoder captures holistic linguistic information from
the whole motion sequence. Aligning embedding space to match a frozen LLM enables integrating previous context information
for SLR. Finally, Q-LoRA fine-tuning fits an LLM for translating predicted glosses with context into spoken language.

Key advancements leverage pretrained language models like
mBART (Liu et al. 2020) for enhanced textual understand-
ing (Chen et al. 2022b,a). Recent studies also explore the
use of frozen and fine-tuned large language models (Wong,
Camgoz, and Bowden 2024; Gong et al. 2024) to improve
translation quality.

Sign Language Dataset. Progress in sign language research
has been driven by data. Many researchers have contributed
valuable datasets of isolated signs (Wang et al. 2016; Zhang
et al. 2016; Joze and Koller 2018; Imashev et al. 2020; Srid-
har et al. 2020; Li et al. 2020a; Sincan and Keles 2020; Al-
banie et al. 2020; Desai et al. 2024). However, while each
video clip corresponds to a single sign, the practical utility
of such data remains limited.

There are several recent datasets that provide continu-
ous sign language data. For instance, the PHOENIX-2014
(Koller, Forster, and Ney 2015) dataset includes sign lan-
guage videos from television broadcasts along with corre-
sponding gloss annotations, focusing on weather forecasts.
Datasets like SIGNUM (von Agris, Knorr, and Kraiss 2008),
PHOENIX-2014T (Camgoz et al. 2018), and CSL-Daily
(Zhou et al. 2021a) not only offer gloss annotations but also
include natural language translations of the signs, thereby
advancing Sign Language Translation (SLT) research. Ad-
ditionally, the CCSL (Huang et al. 2018) dataset provides
images with depth information, increasing the information
of sign data, and SeeHear (Albanie et al. 2021) dataset pro-
vides a multi-person BSL dataset. The How2Sign (Duarte
et al. 2021) dataset stands out with its multi-view informa-
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tion, enabling the capture of 3D sign language motions.

Despite improvements in the size and diversity of sign
language datasets, they remain limited in domain coverage.
Current corpora consist of context-independent sentences,
lacking the contextual relationships needed to fully utilize
the linguistic features of sign language, which hinders ad-
vancements in SLT research.

Method

We present SCOPE framework, a novel framework that
aligns motion features with LLM-provided sentence embed-
dings of previous contexts, aiming to fully utilize contex-
tually related dialogues in which sign language conversa-
tions mainly occur. To address the often overlooked contex-
tual aspects in data collection, we provide SCOPE dataset
that annotates sign videos with additional context informa-
tion, which our model effectively utilizes. Details of SCOPE
dataset will be further presented in the Dataset section.

Fig. 2 demonstrates the structure of our SCOPE frame-
work. Our Embedding Alignment Encoder transforms mo-
tion features into an embedding that captures the linguistic
information of the whole motion sequence. Aligning embed-
ding space to a frozen LLM enables integrating contextual
information of previous sentences to recognize glosses. Fi-
nally, Q-LoRA fine-tuning fits an LLM for translating pre-
dicted glosses into spoken language with the assistance of
context information.



Model Details

Embedding Alignment Encoder. We use a transformer en-
coder structure to extract information from motion features.
For the input keypoints J = J;...J;, they first pass through
the feature extractor linear layer and the temporal sequencer
linear layer, which compress the motion information in the
spatial and temporal dimensions, respectively, resulting in
the intermediate state motion input D, which aligns textual
embedding in shape. Next, we need to pretrain an Embed-
ding Alignment Encoder to align features from the motion
space with the textual embedding space. The key idea is
to directly learn the alignment between the linguistic fea-
tures of sign language motion and the contextual features
of text. In this step, we aim to align the sign motion fea-
ture D with the embedding vector of the target sentence. We
do this by passing the motion features through the Embed-
ding Alignment transformer encoder and then pooling them
to compress the time dimension, resulting in an embedding
vector that matches the size of the text embedding. The en-
coding process, in detail, first embeds the input D into a la-
tent space, represented by hg, and then obtains the encoded
hidden states h,, through N attention layers. Finally, a feed-
forward network is used to obtain the encoded vector. The
formulas for the transformer motion encoder process are as
follows:

Q=W%h;, K =W~&h;,V =WVh,,

QKT
Ve

where W@ WX WV are trainable weights, C is the number
of channels in the attention layer, and h; 1 is hidden states
before the next layer.

Supervision by distance to the embedding of the target
sentence provided by an LLM.

The loss of the motion encoder is the L2 distance between
the pooled embedding vector and the target text embedding
vector.

ey

hiy1 = Aun(Q, K, V) = softmax( WV,

‘Cemb = ]E| |Eout - Etext| ‘27 (2)

where L, denotes the embedding loss, Eoy is the output of
the motion encoder, and Fi.y is the text embedding vector.
The text embedding vector is generated by a frozen LLM
text embedding model (Neelakantan et al. 2022), which en-
codes the ground truth sentence meaning of the sign video.
Through this process, we align the motion features with the
language feature information, enhancing the connections be-
tween the isolated sign words.

Gloss Embedding encoder. After aligning the motion fea-
tures, we obtain an embedding vector that contains both se-
mantic and sign language information. Next, we combine
this with the motion features to predict the gloss. For sign
language conversations, providing previous language con-
text is crucial for improving the accuracy of recognizing
the current target sentence. Therefore, we use a frozen LLM
to get the embedding vector for the previous sentences. To
minimize irrelevant information, we only keep the last three
text embeddings. If there are fewer than three previous sen-
tences, we use a mask to ignore the padding input. The gloss
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embedding encoder is also a transformer encoder model.
The encoding process can be formulated as follows:

HY 4 = Hidden(Cat(E,, E 1)),

Eopu = FFN(Attn(WOHY, WEHY, WY H],)),

where Hidden is the hidden layer embedding in the trans-
former encoder, and Cat is the concatenate operation. E, is
the previous stage encoded sequence, and E'A is the above
text embedding vector. FFN is the feed-forward network in
the transformer encoder. Passing the output E,,, through a
linear classifier layer, we get the output logic of the glosses.
CTC Decoding. We use connectionist temporal classifica-
tion (CTC) (Graves et al. 2006) loss to optimize the embed-
ding encoder:

3)

Ltre = —logp(lly) = —log ep-1qyp(7ly), (4
where 1 = [;...l; is the gloss sequence corresponds to key-
points sequence J. B is a many-to-one mapping between
hypotheses and gloss, and 7 is the alignment path. In addi-
tion, we adopt Minimum World Error Rate (MWER) Train-
ing (Meng et al. 2021) technique to reduce the mismatch
between training objectives and evaluation metrics, boost-
ing the accuracy of hypotheses on top of the beam. We use
beam search during training to decode the top 3 possible
gloss sequences. While maintaining the top 1 decoded re-
sult as the final output of the SLR network, other candidate
glosses contribute to optimization with minimum word error
rate (MWER) loss:

N
Lywer = Y P(Y"|J;0)R(Y

n=1

" Y, (&)

where P(Y"|J;0) = %
posterior over the N-best hypotheses, 6 is model parameters,
and R(Y™,Y™) is the number of word errors in a hypothesis
Y™ compared to the reference Y *.

Furthermore, the top 3 decoded results also serve as the
input of the LLM model in SLT task.
Contextual LLM Fine-tuning. Inspired by (Gong et al.
2024), we adopt the idea by using Q-LoRA to fine-tune an
LLM as a sign language translator. We adopted the Qwen2
LLM model as our translator. To fine-tune Qwen2, we need
to set the LLM using the scenario as a “Sign language
translator” and design prompts to guide the model. In the
prompts, we provide the top 3 gloss sequences mentioned in
and all the above text related to the current sign language
sequence, and ask the LLM to summarize the top 3 glosses
and guess the correct words to use by checking previous
texts. We also provide some summarized task examples to
help the LLM understand translation procedures. We use the
previous top 3 gloss outputs as input and use the designed
prompt along with the above text as auxiliary input, jointly
fine-tuning the LLM model. We optimize the model using
the cross-entropy loss function:

Ellm = Z Y;‘/ log Y;‘/

Y, is the ground truth textual output, and Y; is the predicted
textual output. N, is the number of classes in the tokenizer.

is the re-normalized

))yi € Niok. (6)
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Figure 3: SCOPE dataset collection pipeline. Given dialogue texts, experienced signers produce corresponding sign videos
along with self-annotated glosses. For each video, other signers replicate data based on the glosses and the text.

Dataset | Language | Videos | Duration(h) | Signers | Vocab | Gloss | Text | Dialogue | Source
PHOENIX-2014 DGS 6,841 8.9 9 1k (German) | v/ X X TV
PHOENIX-2014T | DGS 8,257 11 9 3k (German) | v v X TV
CSL-Daily CSL 20,654 | 22.8 10 2k (Chinese) | v/ v X Lab
How2Sign ASL 35,191 | 79 11 16k(English) | v/ v X Lab
Ours | CSL | 59231 | 724 | 12 | sk(Chinese) | v | v |V | Lab

Table 1: Dataset comparisons. Key statistics of widely used sign language datasets for comparison. Our dataset is currently
the largest dataset in CSL (Chinese Sign Language) that contains dialogue context information.

Data Processing

Iris Normalization. To fetch keypoint sequences, we uti-
lized DWPose (Yang et al. 2023) to obtain whole-body key-
points (COCO-WholeBody (Jin et al. 2020)) from sign lan-
guage videos. Each keyframe contains 133 keypoints J =
{J1iy-,Jrili = 1..133}. However, such keypoints are
often influenced by the input video resolution and the dis-
tance between the person and the camera. A scaling process
is needed to mitigate the impact of input distortions on mo-
tion. Inspired by (Lugaresi et al. 2019), we choose the length
of the lower eyelid in humans as the golden standard, com-
paring the eyelid length differences to get the scale factor
and scale motions to the standard size:

(Ja, Jy)
‘(le - Ja:64>‘ 7

Where J5d are scaled joints under frame ¢, (J, J,) are
2D coordinates of joints. J,,, — J,,, is eyelid length; 63 and
64 are indexes of left and right wings of the eyelid in COCO-
WholeBody.

Data Centralizing. After that, we followed (Jiao et al. 2023)
by selecting 77 keypoints and dividing them into 5 groups,
then applied group-specific centralization to decouple multi-
grained motion information in skeleton data:

Jt,k = Jt,k - Jt,?”guk S Gv (8)

where J; ;, denotes joints under the ¢ frame, group &, G are
5 groups, and 7 is the root keypoint of group g.

Jscaled _

N
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Data Standardizing. Finally, we standardize all input mo-
tions to make their distribution more closely conform to a
standard distribution, which eliminates the difficulties that
motion corner cases bring to training:

YY1

std __ . i
HE=NUs N xT’ Js

),i=1.77,  (9)

where J; denotes the i-th joint, and J ig the standard de-
viation of joint i.

SCOPE dataset

A sign language dataset with contextual information is es-
sential to fully leverage the power of context in implement-
ing our context-aware approaches. We propose SCOPE,
a large-scale Chinese sign language dataset that includes
contextual dialogue information. Our data information and
dataset comparison can be found in Tab.1.
Data Collection. Our dataset primarily focuses on daily
conversations within the Deaf community, as well as dia-
logues involving specialized terminology in more profes-
sional settings (Bragg et al. 2019). Our dataset includes daily
subjects such as school experiences, shopping, and social in-
teractions. Glosses encompass specific products and brands,
titles of audiovisual works, and other relevant terms. For
more details, please refer to the supplementary material.
Data collection is carried out by a team whose primary
members are several professional Deaf signers and three



sign language linguistics experts. The team also includes
a diverse group of Deaf individuals across various ages,
genders, occupations, and educational backgrounds to cap-
ture diverse signing styles. To ensure a natural dialogue en-
vironment, each sentence was derived from conversations
recorded in real situations.

Fig.3 illustrates our data collection pipeline. Professional
Deaf signers receive reference sentences and record corre-
sponding sign language videos. Capable of self-annotating
recorded motion into glosses, they produce gloss annota-
tions that are distributed to other signers. With sentences and
glosses as references, other signers replicate data with di-
verse signing habits and styles. We ensure that four different
signers record videos for each piece of text at a resolution of
640x480 and a frame rate of 30 frames per second.

Annotation Cleaning and Validation. Self-annotated
glosses still suffer from inconsistencies across different an-
notators. A same sign is sometimes annotated with syn-
onyms, while a sequence of signs may get interpreted into
phrases or separated words. To mitigate such issues, we fol-
low CSL-Daily (Zhou et al. 2021a) to apply a multi-round
data cleaning process with our SCOPE SLR model.

Particularly, we compute Minimum Edit Distance (MED)
between predicted glosses and ground truth from annotation.
The results enable us to identify patterns of synonyms, word
division and word combination. Our sign language linguis-
tics experts then examine frequently confused patterns and
correct misannotated data. We iterate such a process to re-
duce our gloss vocabulary size from over 7k to 5k, signifi-
cantly improving the dataset’s quality.

Experiments
Experimental Setup

Datasets and Evaluation Metrics. For the SLR task,
we evaluate our proposed method on PHOENIX14,
PHOENIX14-T, CSL-Daily, and SCOPE dataset; the latter
three datasets are also utilized in experiments on SLT task.
For the number of samples and other details of datasets,
please refer to supplementary materials. Train/dev/test splits
of the existing datasets are maintained. For our SCOPE
dataset, we follow (Zhang et al. 2024) to use widely adopted
split ratios to randomly split our dataset by 80%, 5% and
15% into train, dev, and test sets, carefully ensuring that no
same sentence appears in different sets and any sentence in
the dev set or test set does not appear in context dialogues of
the training set.

Following previous works (Chen et al. 2022b), we evalu-
ate SLR the Word Error Rate (WER), which measures the
percentage of incorrect words in the recognized text. For
SLT, we use BLEU (Papineni et al. 2002) and ROUGE-L
(Lin 2004), which assess translation quality based on n-gram
overlap and longest common subsequences. Lower WER
indicates more accurate recognition results, while higher
BLEU and ROUGE-L signify better translations.
Implementation Details. We obtain sentence embeddings
by OpenAl’s text-embedding-ada-002 (Neelakantan et al.
2022) model. Body 2D keypoints are collected from videos
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using DWPose (Yang et al. 2023). Our motion feature ex-
tractor block consists of a 2-layer MLP with a temporal
Conv1D layer. The embedding alignment encoder and gloss
encoder are both 8-head transformer encoders with 2 and 4
layers, respectively, with hidden size 1568 and feed-forward
size 3136. We adopt the AdamW optimizer and use cosine
annealing schedules, with 20 epochs focusing on alignment
embedding, and 60 epochs for gloss encoder training while
keeping the previous module frozen. When training with-
out the context module, we do not provide context informa-
tion by filling context embeddings with zeros and providing
empty context input for LLM. All experiments are executed
on 8 NVIDIA A800 GPUs. More implementation details are
provided in the supplementary materials.

Comparison with State-of-the-art Methods

Sign Language Recognition. We evaluate our approach by
comparing results on multiple datasets with recent methods
SEN-CSLR (Hu et al. 2023c), TwoStream-SLR (Chen et al.
2022b) and CorrNet (Hu et al. 2023b).

On our SCOPE dataset, we evaluate their performance by
training their open-sourced framework. We perform prepro-
cessing to match the input specifications of each method and
train their models adhering as closely as possible to their
proposed training setups.

As shown in Tab.2, our context-free SCOPE outperforms

other SLR methods in WER by 2.7%/2.2% on CSL-Daily
dev/test sets and 3.3%/3.1% on SCOPE dataset, respectively.
Adding context information further improves our model’s
accuracy by 2.2%/3.3% WER, revealing that contextual un-
derstanding effectively assists gloss recognition.
Sign Language Translation. On the SLT task, we com-
pare our approach with state-of-the-art gloss-supervised and
gloss-free methods. Similarly, we stick to their respec-
tive training configurations when training their models on
SCOPE dataset. Results in Tab.3 show that our approach
outperforms previous methods by +3.73/+3.57 BLEU and
+3.50/+3.14 BLEU in Phoenix-2014T and CSL-Daily de-
v/test sets. Additionally, our full approach on SCOPE
dataset brings another +3.26/+2.79 BLEU improvement,
which we attribute mainly to context-aware LLM fine-
tuning. Notably, when comparing across datasets, SCOPE
dataset generally yields better performance for any fixed
method. We primarily attribute this result to our robust data
annotation and cleaning process.

Ablation Studies

We conduct ablation experiments for both SLR and SLT
tasks to validate the contributions of each component. The
comparison between our full and context-free SCOPE model
also suffices as an ablation study to demonstrate the signif-
icance of context information, both in recognition and in
LLM fine-tuning. When the embedding alignment encoder
is removed, the context sentence embeddings are concate-
nated to motion features directly, and L., no longer serves
as a supervision term. The performance of this model de-
clines by 4.4%WER and 16.01 BLEU, and we note that it
takes significantly longer for this model to converge. Thus,



| Phoenix-2014 | Phoenix-2014T | CSL-Daily | SCOPE
Method

| Dev.  Test | Dev Test | Dev Test | Dev  Test
SEN-CSLR (Hu et al. 2023c) 19.5 20.9 19.3 20.7 31.1  30.7 | 40.2 41.1
TwoStream-SLR (Chen et al. 2022b) | 18.4 18.8 17.7 19.3 254 253 | 408 405
CorrNet (Hu et al. 2023b) 18.9 19.7 18.9 20.5 30.6 30.1 | 33.5 33.8
Ours-SLR* w/o Context 18.8 19.2 17.8 19.0 227 23.1 | 30.2 30.7
Ours-SLR* - - - - - - 28.0 274

Table 2: Quantitative evaluation of Sign Language Recognition (SLR) task. WER is adopted as the evaluation metric. We
train other methods and ours on our SCOPE dataset. Also, our model without context input is evaluated on other popular
datasets. The red and blue entries indicate the best and the second best results.

Dataset Method Dev Test
R?T B1t B21 B3t B4t R?T B11 B2t B3t B4t
MMTLB-S2T (Chen et al. 2022a) 53.10 5395 41.12 33.14 27.61 52.65 5397 4175 33.84 28.39
TwoStream-S2T (Chenetal. 2022b) 54.08 54.32 41.99 34.15 28.66 5348 5490 4243 3446 2895
P-2014T CV-SLT (zhao et al. 2024) 5443 55.09 42.60 34.63 29.10 5433 54.88 42.68 34.79 29.27
Ours™ w/o Context 67.09 61.80 49.09 39.53 32.83 60.06 61.74 49.22 39.61 32.84
MMTLB-S2T (Chen et al. 2022a) 53.38 53.81 40.84 3129 2442 5325 5331 4041 30.87 2392
TwoStream-S2T (Chenetal. 2022b) 55.10 5521 4231 3271 2576 55.72 5544 4259 3287 25.59
CSL-Daily CV-SLT (Zhao et al. 2024) 56.36 58.05 44.73 35.14 28.24 57.06 58.29 45.15 35.77 28.94
Ours* w/o Context 60.18 60.37 47.21 3736 31.74 60.68 60.48 49.61 40.01 32.08
MMTLB-S2T (Chen et al. 2022a) 63.25 60.72 50.33 4039 31.61 6430 61.69 51.75 4198 33.56
TwoStream-S2T (Chenetal. 20226) 63.40 60.87 5048 40.74 31.65 6430 61.78 51.86 42.17 33.50
SCOPE CV-SLT (Zhao et al. 2024) 65.71 63.16 52.00 43.69 37.10 66.06 62.69 52.12 44.14 37.82
Ours™ w/o Context 69.34 6431 53.15 4357 3483 6946 064.62 53.64 44.13 35.80
Ours™ 69.78 65.68 55.06 46.18 38.09 70.14 65.85 5542 46.56 38.59

Table 3: Quantitative evaluation of Sign Language Translation (SLT) task. (R: ROUGE, B: BLEU) We train other methods
on our dataset, our method on all three datasets. For non-context-based data, we train our method without context. The red and

blue entries indicate the best and the second-best results.

Ablation Study SIR | SLT
WER| \ Rt B4t
Full SCOPE™ 274 70.14 38.59
w/o Context 30.7 69.46 35.80
w/o Embedding Encoder 31.8 51.77 22.58
w/o »CMWER 37.6 48.64 15.55
w/o Iris Normalization 35.8 51.51 21.76

Table 4: Ablation studies of our contextual design and data
processing algorithm.

we deduce that the model encounters difficulties in align-
ing motion features with LLM context embeddings and ul-
timately behaves poorly. The removal of Lywer directly
causes more word errors, thus deteriorating the translation
results. The distribution of raw keypoints is severely biased
without our Iris Normalization process, rendering the model
overfit to extreme cases and unsuitable for real-time practi-
cal use with different aspect ratios and camera resolutions.

Real-time Application and User Studies

Authentic feedback from the Deaf community is the gold
standard for practical use. We have developed a real-time
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SLT application to assist Deaf individuals in accessing den-
tal care. Details are provided in the supplementary materials.
We conducted a survey on their user experience, and ques-
tions concerning random SLR or SLT results. We collected
40 responses, rating our application user experience as 4.15
/'5 on average, accuracy of SLR results as 3.96 /5, and SLT
results as 3.98 / 5. These ratings indicate a positive response
from the Deaf community, providing strong evidence of our
research’s effectiveness.

Conclusion

We present the SCOPE dataset, the first dialogue-based Chi-
nese Sign Language dataset featuring both gloss and text
annotations. This dataset encompasses 72.4 hours of sign
language videos collected from professional Deaf groups,
complemented by 59,231 text annotations. Building on
this dataset, we introduce the SCOPE framework, a ro-
bust pipeline designed to address Sign Language Recogni-
tion (SLR) and Sign Language Translation (SLT) tasks with
rich contextual information. Our comprehensive evaluations
demonstrate the effectiveness of our methods and the sig-
nificant improvements enabled by our dataset for the sign
language community. We believe that SCOPE will catalyze
future research in context-based sign language processing.
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