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Arabic Sign Language (ArSL) is the primary communication medium for an estimated 

35 to 40 million deaf individuals across 22 Arab nations, yet no prior system has 

achieved gloss-free, end-to-end sentence-level translation of continuous ArSL video 

into fluent Arabic text via an Arabic-native large language model. Existing approaches 

depend on depth sensors unavailable in consumer hardware, require costly gloss 

annotations, or employ multilingual decoders ill-suited to Modern Standard Arabic 

morphology. We present ArSLT-RGBNet, the first annotation-efficient, RGB-only 

framework for continuous Arabic Sign Language translation. The architecture 

integrates three components: a three-stream spatiotemporal visual encoder combining 

ViT-B/16, VideoMAE-Base, and an Optical Flow CNN for spatial, temporal, and 

kinematic feature extraction, fused via Adaptive Cross-Modal Attention; a Q-Former 

Visual-Textual Alignment bridge with CTC-based temporal compression and 32 

learnable query tokens; and AraGPT2-large fine-tuned through Low-Rank Adaptation, 

updating 0.49 percent of parameters. Under six-fold leave-one-signer-out cross-

validation on ArabSign, the framework achieves BLEU-4 of 33.7 percent, ROUGE-L 

of 59.6 percent, METEOR of 47.1 percent, ChrF of 54.2 percent, BERTScore-F1 of 

0.847, and WER of 0.48, surpassing all five adapted baseline systems with statistical 

significance and improving upon the published multi-modal benchmark despite relying 

solely on RGB input. The Arabic-native decoder contributes 12.9 ROUGE-L points 

over the strongest multilingual baseline. Human evaluation by two certified ArSL 

practitioners yields Adequacy of 3.84 out of 5 and Fluency of 4.01 out of 5, with 

agreement of 0.74. Ablation confirms the VideoMAE temporal stream as the largest 

individual contributor. 
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1. Introduction  

The World Health Organization (2023) 

estimates that 466 million people worldwide 

experience disabling hearing loss, a figure 

projected to reach 700 million by 2050 [1]. In 

the Arab world, Arabic Sign Language (ArSL) 

serves as the primary medium of daily 

communication, social participation, and access 

to educational and civic services for an 

estimated 35–40 million deaf individuals across 

22 nations [2]. ArSL is an independent natural 

language—not a gestural derivative of spoken 

Arabic—with its own morphosyntactic 

grammar, spatial-temporal phonology, and 

significant regional dialect variation across 

Gulf, Levantine, Egyptian, Moroccan, and Iraqi 

varieties [2]. These linguistic properties create 

https://njemcs.edu.iq/index.php/njemcs/
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a profound communication barrier between 

deaf and hearing communities, one that 

scalable translation technology is uniquely 

positioned to bridge. 

Automatic Sign Language Translation (SLT) is 

among the most demanding tasks at the 

intersection of computer vision and natural 

language processing. Unlike speech, sign 

language is a three-dimensional spatiotemporal 

signal simultaneously encoded across manual 

articulators (both hands), non-manual 

articulators (facial expression, mouth 

morphemes, eye gaze), and body posture. 

Despite significant advances for European sign 

languages via PHOENIX-2014T [3] and 

How2Sign [4], Arabic Sign Language has 

received disproportionately little research 

attention. As of 2025, no published system has 

demonstrated end-to-end, gloss-free, sentence-

level translation of Arabic Sign Language into 

fluent Arabic text using an Arabic-native large 

language model decoder. 

Three critical and interrelated gaps motivate 

the present work. First, all high-performing 

ArSL systems require depth or skeletal sensor 

data unavailable on standard consumer 

cameras. Second, no ArSL system has been 

coupled with an Arabic-pretrained LLM 

capable of generating grammatically fluent 

Modern Standard Arabic (MSA). Third, the 

gloss-free translation paradigm has never been 

applied to Arabic Sign Language, despite its 

demonstrated success on European benchmarks 

[10, 11, 12]. To address these gaps 

simultaneously, we propose ArSLT-RGBNet, a 

novel annotation-efficient framework for 

continuous Arabic Sign Language translation 

operating exclusively on the RGB color 

modality. 

1.1. Related Work 

Arabic Sign Language recognition has 

historically been constrained to isolated sign 

recognition [5, 6] and multi-modal sensor-

dependent continuous recognition [7, 8]. 

Luqman [9] introduced ArabSign—the only 

continuous ArSL benchmark—achieving 

WER = 0.50 using RGB, depth, and skeleton 

modalities, but without generating fluent 

natural Arabic text. Podder et al. [6] 

demonstrated that spatially constrained CNN-

LSTM inputs over ArabSign RGB data 

improve recognition accuracy, directly 

informing the preprocessing strategy employed 

in this work. 

For non-Arabic sign languages, Sign2GPT [10] 

and SpaMo [11]—currently under peer 

review—connected frozen visual encoders to 

GPT-2 and LLaMA decoders on PHOENIX-

2014T; Handscribe [12] extended this to 

multilingual settings. Chen et al. [13] proposed 

the Adaptive Transformer (ADTR) for 

continuous SLT with dynamic temporal 

alignment. Tong et al. [14] introduced 

VideoMAE, a masked autoencoding approach 

producing strong spatiotemporal 

representations transferable to sign language 

tasks. Antoun et al. [15] released AraGPT2, a 

suite of Arabic auto-regressive transformer 

models pre-trained on 77 GB of Arabic text. 

Hu et al. [16] introduced Low-Rank Adaptation 

(LoRA) for parameter-efficient LLM fine-

tuning. Li et al. [17] proposed the BLIP-2 Q-

Former mechanism for cross-modal alignment, 

subsequently adapted here. The present work is 

the first to unify all of these advances in a 

complete Arabic Sign Language translation 

pipeline. 

1.2. Novelty Validation 

The novelty claims made in this paper are 

substantiated by the systematic comparison in 

Table 1, which surveys eight representative 

prior systems against five discriminating 

criteria. To the best of the authors' knowledge, 

ArSLT-RGBNet is the first and only system to 

satisfy all five criteria simultaneously. 

1.2.  Contributions 

• The first annotation-efficient, RGB-

only, end-to-end sentence-level Arabic 

Sign Language translation system, 

achieving WER = 0.48 that surpasses 

the published multi-modal baseline of 

0.50 (p < 0.01). 
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• A three-stream spatiotemporal visual 

encoder (ViT-B/16 + VideoMAE-Base 

+ Optical Flow CNN) fused via 

Adaptive Cross-Modal Attention, 

contributing +8.7 BLEU-4 over a 

single-stream spatial baseline. 

• A Q-Former VT-Align bridge resolving 

the cross-modal representation gap 

between continuous sign video and the 

discrete LLM token space, contributing 

+2.7 BLEU-4. 

• AraGPT2-large adapted via LoRA 

(r = 16, 0.49% parameters updated), 

contributing +12.9 ROUGE-L over the 

best multilingual baseline (SpaMo†). 

• The first ArSL translation benchmark 

encompassing BLEU-1/2/3/4, ROUGE-

L, METEOR, ChrF, BERTScore, WER, 

and expert human evaluation on 

ArabSign RGB, with all resources 

publicly released. 

Table 1. Systematic novelty validation. Five discriminating criteria are evaluated for eight representative prior systems 

and the proposed framework. 

Study / 

System 
Year Dataset 

(1) 

RGB 

Only 

(2) 

Conti

nuous 

(3) 

Gloss-

Free 

Inferenc

e 

(4) 

Arabic 

LLM 

Decoder 

(5) 

Sentence

-Level 

Translati

on 

Balaha et al. 

[5] 
2023 Custom ✔ ✘ — ✘ ✘ 

Podder et 

al. [6] 
2023 ArabSign ✔ ✔ ✘ ✘ ✘ 

Luqman [9] 2023 ArabSign ✘ ✔ ✘ ✘ Partial 

Chen et al. 

[13] 
2025 PHOENIX ✔ ✔ ✘ ✘ ✘ 

Sign2GPT† 

[10] 
2024 PHOENIX ✔ ✔ ✔ ✘ ✔ 

SpaMo† 

[11] 
2024 PHOENIX ✔ ✔ ✔ ✘ ✔ 

Handscribe 

[12] 
2026 PHOENIX ✔ ✔ ✔ ✘ ✔ 

ArSLT-

RGBNet 

(Ours) 

2025 ArabSign ✔ ✔ ✔ ✔ ✔ 
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2. Methodology  

The ArSLT-RGBNet framework is 

annotation-efficient: gloss annotations are used 

exclusively during Phase 1 visual encoder pre-

training as pseudo-label supervision; no gloss 

annotations are required at inference time. The 

framework operates on standard RGB video 

from any consumer camera, with no depth 

sensors or skeleton tracking hardware required. 

The following subsections describe each 

component in detail. 

2.1. Dataset: ArabSign RGB Modality 

The experiments are conducted exclusively 

on the RGB colour modality of the ArabSign 

dataset [9], the first and most comprehensive 

continuous Arabic Sign Language benchmark 

available for public research. ArabSign was 

recorded via Microsoft Kinect V2 providing 

RGB, depth, and skeleton modalities; only the 

RGB stream is used here. The corpus 

encompasses 9,335 sentence-level video 

samples representing 50 distinct ArSL 

sentences, performed by 6 male signers from 

the Arabian Gulf region. The vocabulary spans 

95 unique signs with an average sentence 

length of 3.1 signs and approximately 10 hours 

and 13 minutes of RGB video at 1920×1080 

pixels and 30 fps. Dataset limitations—

including the restriction to male signers and a 

single Gulf dialectal variety—are discussed in 

Section 4. The ArabSign dataset was collected 

with informed consent under the protocols of 

the SDAIA-KFUPM Joint Research Center for 

Artificial Intelligence; this work uses the 

publicly released version under its stated 

licence. 

Two evaluation protocols are employed: 6-

fold leave-one-signer-out cross-validation 

(primary) and an unseen-sentence split in 

which 10 of the 50 sentences are withheld 

entirely from training (secondary). 

2.2. Preprocessing and Data 

Augmentation 

Raw videos undergo a four-stage 

preprocessing pipeline. Uniform temporal 

sampling extracts T = 16 frames per clip; 

shorter videos are padded by terminal-frame 

replication and longer videos are handled at 

inference via a sliding window (stride s = 8) 

with CTC aggregation. Each frame is resized to 

256×256 pixels via bicubic interpolation, 

center-cropped to 224×224, and channel-

normalized using ImageNet statistics 

(μ = [0.485, 0.456, 0.406], σ = [0.229, 0.224, 

0.225]). Hand and face region attention 

masking is applied using Media Pipe Holistic 

[18], suppressing background by factor β = 0.3. 

Dense optical flow is computed using the 

Flarebac  algorithm [19] (OpenCV 4.9.0), 

clipped to [−20, 20] pixels and normalized to 

[−1, 1]. Four stochastic training augmentations 

are applied: random horizontal flip (p = 0.5), 

temporal speed perturbation in [0.8, 1.2], color 

jitter (±0.2 brightness/contrast, ±0.1 saturation, 

±0.05 hue), and random erasing of 10–30% 

frame area (p = 0.3). 

2.3. System Architecture Overview 

The ArSLT-RGBNet pipeline processes an 

RGB video clip through six sequential stages, 

as illustrated in Figure 1. Three parallel visual 

encoder streams—spatial, temporal, and 

motion—extract complementary sign 

representations that are fused via the Adaptive 

Cross-Modal Attention module (ACMA). The 

fused representation is then compressed and 

aligned to the LLM token space through the Q-

Former VT-Align bridge, and finally decoded 

into a fluent Modern Standard Arabic sentence 

by AraGPT2-large with LoRA adaptation. 

Training proceeds in two phases governed by 

Equations (13) and (14). A more detailed 

walkthrough of Figure 1 follows: the RGB 

input clip (T = 16 frames, 224×224 pixels) is 

simultaneously processed by the Spatial Stream 

(ViT-B/16, extracting per-frame CLS 

embeddings F_spatial), the Temporal Stream 

(VideoMAE-Base, encoding the full clip as a 

spatiotemporal volume F_temporal), and the 

Motion Stream (Optical Flow CNN, capturing 

explicit hand kinematics F_motion). The three 

streams are aligned to T′ = 8 timesteps and 

fused via ACMA into F_fused. The Q-Former 

bridge compresses F_fused into 32 query 

tokens and projects them to the AraGPT2-large 

embedding space. AraGPT2-large then 
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generates the output Arabic sentence auto-

regressively via beam search. 

 2.4. Three-Stream Spatiotemporal 

Visual Encoder 

Sign language video encodes information 

simultaneously across three distinct signal 

layers: static configurations of hands and face 

in each frame; temporal evolution of those 

configurations across the clip; and explicit 

kinematic velocity of the articulators. No single 

encoder architecture captures all three layers 

efficiently. The three-stream design assigns a 

dedicated sub-encoder to each layer, with 

outputs combined via learnable adaptive 

fusion. 

Stream 1 — Spatial Encoder (ViT-B/16): 

ViT-B/16 [20] processes each of the T = 16 

frames independently. Each 224×224 frame is 

partitioned into 14×14 non-overlapping 16×16-

pixel patches (196 tokens) plus a learnable 

[CLS] token. The CLS embedding constitutes 

the spatial feature for that frame, defined in 

Equation (1). 

           *  ( )+   
     ( )                ( ) 

 

 

Figure 1. ArSLT-RGBNet pipeline 

Stream 2 — Temporal Encoder 

(VideoMAE-Base): VideoMAE-Base [14], 

pre-trained on Kinetics-400 with 90% tube 

masking, processes the full T-frame clip as a 

spatiotemporal volume. Non-overlapping 

2×16×16-pixel tubelet patches are encoded 

through 12 Vision Transformer layers, as 

formalised in Equation (2). 

 

                            .
 

 
    /

(2) 

 

Stream 3 — Motion Encoder (Optical Flow 

CNN): The pre-computed optical flow tensor 

of shape (T−1)×2×224×224 is processed 

through a three-residual-block CNN with 

channel dimensions [64, 128, 256], followed 

by spatiotemporal average pooling, yielding the 

motion representation in Equation (3). 



 

 
Muna G. Abd Alkreem / Al-Noor Journal of Engineering Management and Computer Science / Vol. 2 , Issue 1, 2026: 55-74 

 

60 

 

 
                                (       )( ) 

 

Adaptive Cross-Modal Attention Fusion 

(ACMA): Each stream’s output is aligned to 

temporal dimension T′ = 8 via adaptive average 

pooling and projected to D = 768. A shared 

MLP computes sample-specific per-timestep 

fusion weights, as specified in Equations (4)–

(6). 

 
        ,               -                     ( ) 

(          )                                 ( ) 

                                          ( ) 

 

2.5. Visual-Textual Alignment Module (VT-

Align) 

The structural mismatch between continuous 

visual representations and the discrete token 

sequences expected by a language model 

decoder is a fundamental challenge in vision-

language models. In the ArSL context, this 

mismatch is compounded by variable-length 

sign video and ArSL–MSA word order 

divergence. The VT-Align module resolves 

both issues through three sequential operations 

governed by Equations (7)–(9). 

CTC-Based Temporal Compression: A 

linear projection followed by softmax produces 

frame-level pseudo-gloss posteriors. Frames 

whose blank-label posterior exceeds τ = 0.7 are 

down-weighted, as expressed in Equation (7). 

 

                               ,  -   
  

 
( ) 

 

Q-Former Cross-Attention Bridge: 

Following the BLIP-2 design [17], 32 learnable 

query tokens are refined through 6 transformer 

layers alternating self-attention and cross-

attention, as formalised in Equation (8). 

 

                                     ( ) 

 

Linear Projection to LLM Space: A learned 

linear layer maps the Q-Former output to the 

AraGPT2-large embedding dimension, as 

defined in Equation (9). 

 
                                         

      ( ) 

 

2.6. Arabic LLM Decoder with LoRA 

Adaptation 

AraGPT2-large [15] is selected as the Arabic 

LLM decoder: a 36-layer auto-regressive 

transformer with hidden dimension 1024, 16 

attention heads, and approximately 792M 

parameters, pre-trained on a 77 GB Arabic text 

corpus with a 64,000-token BPE vocabulary 

providing broad coverage of Modern Standard 

Arabic morphology and diacritical variants. 

LoRA Parameter-Efficient Adaptation: Full 

fine-tuning of 792M parameters on 

approximately 7,300 training samples would 

induce severe overfitting. LoRA [16] 

introduces trainable low-rank decomposition 

matrices into the Q and V projection matrices 

of every attention layer, as specified in 

Equation (10). 

 
                                     

                  (  ) 

 

LLM Input Construction: The decoder input 

is assembled by concatenating the visual 

prefix, a learnable task delimiter, a fixed 

Arabic task prompt (English: 'Translate sign 

language to Modern Standard Arabic'), and the 

target token sequence, as defined in Equation 

(11). The prompt is encoded as a fixed 

embedding and does not require the model to 

generate Arabic text from a cold start. 

 
      [                                  ](  ) 

 

Auto-Regressive Beam Search Decoding: At 

inference, Arabic tokens are generated auto-

regressively by maximizing the log-probability 

of the output sequence, as formalised in 

Equation (12). 

             ∑      (               )

   

   

(  ) 

2.7. Two-Phase Training Strategy 

Training is divided into two phases. Phase 1 is 

annotation-assisted: it uses ArabSign gloss 

annotations as pseudo-label supervision for 

CTC pre-training, establishing signer-agnostic 

visual representations while keeping the LLM 

decoder frozen. Phase 2 is annotation-free: 

gloss annotations are not used; the Q-Former, 
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linear projection, and LoRA adapters are 

jointly optimised with the translation objective 

only. This distinction is critical: the framework 

is annotation-efficient because gloss 

annotations are used only in Phase 1, and 

annotation-free at inference time. 

Phase 1 —Annotation-Assisted Visual Encoder 

Pre-training: The joint loss combines CTC 

temporal alignment with InfoNCE contrastive 

alignment, as expressed in Equation (13). 

AdamW: lr = 1×10⁻⁴, weight decay = 1×10⁻², 5-

epoch warmup then cosine annealing, 30 

epochs, batch size 16. 

 

                                      
                  (  ) 

 

Phase 2 — Annotation-Free End-to-End Fine-

tuning: The primary objective is cross-entropy 

over auto-regressively generated Arabic 

tokens, regularised by a CTC alignment term, 

as expressed in Equation (14). AdamW: 

lr = 5×10⁻⁵, weight decay = 5×10⁻³, cosine 

annealing T_max = 40, gradient clipping 

‖∇‖₂ = 1.0, 40 epochs, batch size 8. 
 

                                   (  )

 

Table 2. Training hyperparameters for both phases of ArSLT-RGBNet. 

 

Hyperparameter Phase 1 Phase 2 

Optimizer AdamW AdamW 

Learning Rate 1×10⁻⁴ 5×10⁻⁵ 

Weight Decay 1×10⁻² 5×10⁻³ 

Batch Size 16 8 

Epochs 30 (best ckpt: Ep. 28) 40 (converge: Ep. 68) 

LR Scheduler Cosine (5-ep warmup) Cosine (T_max = 40) 

Gradient Clipping ‖∇‖₂ = 1.0 ‖∇‖₂ = 1.0 

Trainable Modules Visual Enc. + CTC Head Q-Former + W_proj + LoRA 

Loss Function ℒ_{CTC} + 0.5·ℒ_{NCE} (Eq. 13) ℒ_{CE} + 0.2·ℒ_{CTC} (Eq. 14) 

2.8. Evaluation Metrics 

A comprehensive suite of eight complementary 

metrics is employed to provide a 

multidimensional assessment of translation 

quality. BLEU-1/2/3/4 [21] measure n-gram 

precision between hypothesis and reference, 

with BLEU-4 serving as the primary machine 

translation metric. ROUGE-L [22] captures 

sentence-level structural overlap via the longest 

common subsequence. METEOR [23] extends 

unigram matching with stemming and 

synonym equivalence, providing robustness to 

Arabic morphological variation. ChrF [24] 

measures character n-gram F-score, well-suited 

to Arabic’s morphologically rich surface 

forms; this metric is particularly appropriate for 

Arabic as it operates below the word boundary 

and thus handles case and tense inflections that 

differ from reference without word-level 

penalty. BERTScore-F1 [25] uses AraBERT 

[26] contextual embeddings to assess semantic 

similarity, correctly identifying synonym 

substitutions as equivalent. Word Error Rate 

(WER) enables direct comparison with prior 

ArSL recognition work. Human evaluation 

employs 5-point Likert scales for Adequacy 

and Fluency, rated independently by two 

certified native Arabic-speaking ArSL 

practitioners on a 50-sentence subset; inter-

annotator agreement is reported as Cohen’s κ. 

2.9. Statistical Testing Methodology 

All reported comparisons between ArSLT-

RGBNet and baseline systems are assessed for 

statistical significance using non-parametric 

bootstrap resampling with n = 1,000 resampled 

test sets. For each metric, the null hypothesis is 
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that the population-level performance of 

ArSLT-RGBNet equals that of the best 

baseline (SpaMo†). Exact p-values are 

computed as the proportion of bootstrap 

samples in which the baseline equals or 

exceeds ArSLT-RGBNet. Two-tailed 95 per 

cent confidence intervals (CIs) are constructed 

as the 2.5th and 97.5th percentiles of the 

bootstrap distribution for each metric. Metric-

specific significance thresholds are applied 

without Bonferroni correction given the 

confirmed positive inter-metric correlation 

structure. The complete statistical analysis is 

presented in Section 3.2 and Figure 12, with 

exact p-values reported in Table 3. 

 

3. Results and Discussion 

The empirical evaluation proceeds across ten 

dimensions: training dynamics (3.1), main 

quantitative results (3.2), human evaluation 

(3.3), performance by sentence length (3.4), 

comparison against baseline systems (3.5), 

ablation study (3.6), signer-independent cross-

validation (3.7), BERTScore semantic analysis 

(§3.8), scaling analysis (3.9), and error 

taxonomy with qualitative examples (3.10). All 

experiments use the signer-independent leave-

one-signer-out protocol unless otherwise 

stated. Statistical significance is assessed via 

bootstrap resampling (n = 1,000) at α = 0.05. 

3.1. Training Dynamics 

The training and validation loss curves across 

both phases are shown in Figure 2. During 

Phase 1, the combined loss of Equation (13) 

converges smoothly with the best checkpoint at 

Epoch 28. The narrow train–validation gap 

confirms that the InfoNCE contrastive 

objective guides the encoder toward signer-

agnostic visual representations. During Phase 

2, the cross-entropy translation loss of 

Equation (14) converges within 40 epochs 

without catastrophic forgetting of Phase 1 

representations. LoRA adaptation with only 

0.49% trainable parameters acts as a strong 

regularize. 

Figure 3 shows the progression of all six 

automatic translation metrics on the validation 

set during Phase 2. BLEU-1 converges earliest 

(around Epoch 20), reflecting rapid acquisition 

of Arabic unigram fluency, while BLEU-4 

requires the full 38 epochs to reach its peak of 

33.7%, consistent with the higher 

combinatorial complexity of four-gram 

precision optimisation. 

3.2. Main Quantitative Results 

Table 3 presents the main results on the 

ArabSign RGB signer-independent benchmark, 

including 95 per cent confidence intervals and 

exact p-values from the bootstrap resampling 

procedure described in Section 2.9. ArSLT-

RGBNet establishes the first published 

translation benchmarks for continuous Arabic 

Sign Language on RGB-only input. The 

statistical significance analysis is additionally 

visualised in Figure 12. All improvements over 

the best baseline (SpaMo†) are statistically 

significant at p < 0.001. 

3.3. Human Evaluation 

Automatic metrics have well-documented 

limitations for morphologically rich languages 

and translation tasks with multiple valid 

paraphrases. Two certified native Arabic-

speaking ArSL practitioners independently 

evaluated a randomly selected 50-sentence 

subset on 5-point Likert scales for Adequacy 

(does the output convey the meaning of the 

source sign sequence?) and Fluency (is the 

output grammatically correct MSA?). As 

reported in Table 4, ArSLT-RGBNet achieves 

mean Adequacy = 3.84/5 and Fluency = 4.01/5, 

surpassing the best baseline (SpaMo†, 3.21 and 

3.44 respectively). The higher Fluency relative 

to Adequacy reflects AraGPT2-large’s strength 

in generating grammatically well-formed MSA 

even when minor semantic components are 

omitted. Inter-annotator agreement of κ = 0.74 

indicates substantial agreement per Landis and 

Koch (1977). 

3.4. Performance by Sentence Length 

A breakdown of performance by sentence 

length category, presented in Figure 4 and 

Table 5, reveals monotonic degradation across 

all metrics. Short sentences (1–2 signs) achieve 

BLEU-4 = 48.3%, ChrF = 66.4%, and 

BERTScore = 0.901, indicating near-adequate 

translation quality for simple utterances. Long 

sentences (4+ signs) exhibit a 13.6 BLEU-4 

deficit relative to medium-length sentences, 

driven by two compounding factors: the 

increased probability that CTC temporal 
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compression (Equation 7) fails to identify all 

sign-boundary frames, and the higher 

frequency of adjective deletion errors as 

modifier signs are displaced to peripheral 

spatial locations. 

 
Figure 2. Training and validation loss curves across both training phases. 

 
Figure 3. All six translation metrics tracked on the signer-independent validation set during Phase 2 training (40 epochs). 

 

 

Table 3. Main quantitative results on ArabSign RGB (mean ± SD, 6-fold leave-one-signer-out cross-validation; 95% CI 

in brackets; exact p-values vs. SpaMo† from bootstrap resampling n = 1,000). Metrics in per cent except WER (ratio) and 

BERTScore (F1). † Multi-modal baseline (RGB + depth + skeleton) [9]. 

 

System / 

Split 
BLEU-1 BLEU-2 BLEU-3 BLEU-4 

ROUGE-

L 

METEO

R 
WER BERTScore 

ArabSign 

Baseline† 

[9] 

— — — — — — 0.50 — 

ArSLT-

RGBNet

—Signer-

Indep. 

64.3±1.2 

[61.9, 66.7

] 

51.8±1.4 

[49.1, 54.5

] 

41.2±1.5 

[38.3, 44.1

] 

33.7±1.6 

[30.6, 36.8

] 

59.6±1.1 

[57.5, 61.7

] 

47.1±1.3 

[44.6, 49.6

] 

0.48±0.03 

[0.42, 0.54

] 

0.847±0.009 

[0.829, 0.86

5] 

p-value 

vs. 
p<0.001 p<0.001 p<0.001 p<0.001 p<0.001 p<0.001 p=0.003 p<0.001 
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System / 

Split 
BLEU-1 BLEU-2 BLEU-3 BLEU-4 

ROUGE-

L 

METEO

R 
WER BERTScore 

SpaMo† 

ArSLT-

RGBNet

—Unseen 

Sent. 

57.1±2.1 44.3±2.3 34.8±2.4 27.9±2.5 51.4±1.8 40.2±1.9 0.56±0.04 0.791±0.014 

ArSLT-

RGBNet

—Best 

Fold 

65.9 53.1 42.6 35.2 61.3 48.8 0.44 0.861 

 

 
 

Figure 4. Statistical significance analysis with 95 per cent confidence intervals (error bars). Bootstrap resampling with 

n = 1,000. Exact p-values for ArSLT-RGBNet vs. SpaMo† (best baseline): BLEU-4 p < 0.001, ROUGE-L p < 0.001, 

WER p = 0.003. Triple asterisks (***) indicate p < 0.001. 

 

Table 4. Human evaluation on a randomly selected 50-sentence subset (signer-independent test set, Fold 1). 

 

System 
Adequacy 

(Mean) 
Adequacy (SD) 

Fluency 

(Mean) 
Fluency (SD) IAA κ 

SpaMo† (best baseline) 3.21 ±0.48 3.44 ±0.51 0.71 

ArSLT-RGBNet (Ours) 3.84 ±0.39 4.01 ±0.36 0.74 

Δ vs. SpaMo† +0.63 — +0.57 — — 
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Figure 5. Performance breakdown by sentence length category: BLEU-4 (%), ROUGE-L (%), WER (ratio), and 

BERTScore-F1. 

Table 5. Performance by sentence length category. 

Sentence Length Samples BLEU-4 
ROUGE-

L 
METEOR ChrF BERTScore WER 

Short (1–2 signs) 1,842 48.3±2.1 72.4±1.8 58.1±1.9 66.4±2.0 0.901±0.011 0.31±0.04 

Medium (3 signs) 4,915 35.1±1.4 61.2±1.2 48.4±1.3 55.2±1.5 0.852±0.008 0.46±0.03 

Long (4+ signs) 2,578 24.7±2.8 49.3±2.4 37.6±2.6 43.1±2.7 0.798±0.016 0.62±0.05 

Overall (Mean) 9,335 33.7±1.6 59.6±1.1 47.1±1.3 54.2±1.4 0.847±0.009 0.48±0.03 

 

3.5. Comparison Against Baseline Systems 

A quantitative comparison against five baseline 

systems is presented in Figures 5–6 and Table 

6. Systems originally trained on non-Arabic 

benchmarks (Sign2GPT†, SpaMo†) were 

retrained from scratch on the ArabSign RGB 

training split using their original published 

hyperparameters with an added early stopping 

criterion (patience = 10 epochs) applied 

consistently across all baselines. The retraining 

was repeated over three random seeds and 

mean performance is reported. ArSLT-

RGBNet outperforms all baselines across all 

nine metrics with statistical significance 

(p < 0.05). The largest absolute gains are 

ROUGE-L (+12.9 vs. SpaMo†), ChrF (+10.3), 

and BERTScore (+0.045), all attributable to the 

superior sentence-level quality of the Arabic-

native AraGPT2-large decoder over 

multilingual mBART-based systems. 
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Figure 6. Quantitative comparison on BLEU-4 (%, higher is better), ROUGE-L (%, higher is better), and WER (ratio, 

lower is better) against five baseline systems. 

 
Figure 7 ChrF score comparison 54.2 %, higher is better 

 
Figure 8. BERTScore-F1 semantic similarity comparison. 

 

Table 6. Full comparison on ArabSign RGB signer-independent test set. Best results in bold. 

 

System 
BLEU

-1 

BLEU

-2 

BLEU

-3 

BLEU-

4 

ROUGE-

L 
METEOR ChrF WER BERTScore 

CTC-Encoder (RGB) 38.4 27.6 19.8 12.3 20.1 18.7 18.3 0.89 0.643 

CNN-LSTM [6] 46.2 35.1 27.3 18.7 29.4 26.8 27.1 0.72 0.714 

ADTR [13] 51.3 39.7 30.9 21.4 33.8 31.2 31.6 0.65 0.741 

Sign2GPT† [10] 52.1 41.3 33.2 25.9 41.2 38.4 38.4 0.59 0.779 
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System 
BLEU

-1 

BLEU

-2 

BLEU

-3 

BLEU-

4 

ROUGE-

L 
METEOR ChrF WER BERTScore 

SpaMo† [11] 56.4 44.8 36.1 28.2 46.7 42.3 43.9 0.55 0.802 

ArSLT-RGBNet (Ours) 64.3 51.8 41.2 33.7 59.6 47.1 54.2 0.48 0.847 

Δ vs. SpaMo† +7.9 +7.0 +5.1 +5.5 +12.9 +4.8 +10.3 −0.07 +0.045 

3.6. Ablation Study 

An incremental ablation study, visualised in 

Figure 8 and summarised in Table 7, isolates 

the contribution of each architectural 

component. Starting from a spatial-only ViT-

B/16 baseline, the VideoMAE temporal stream 

(Equation 2) produces the largest single 

improvement (+5.3 BLEU-4), confirming that 

sign language is irreducibly temporal. The 

Optical Flow CNN (Equation 3) contributes 

+3.4 BLEU-4 via explicit kinematics 

complementary to VideoMAE’s learned 

temporal features. The Q-Former VT-Align 

bridge (Equations 7–9) adds +2.7 BLEU-4, and 

LoRA adaptation (Equation 10) yields a 

disproportionately large +3.9 ROUGE-L, 

confirming domain-specific Arabic LLM 

adaptation is particularly effective at sentence-

level structural completeness. 

 
Figure 9. Ablation study: incremental contribution of each component on BLEU-4 (%), ROUGE-L (%), and WER 

(ratio).  

 

3.7. Signer-Independent Cross-Validation 

Per-signer WER across all six leave-one-

signer-out folds is presented in Figure 9. WER 

ranges from 0.44 (Signer 3) to 0.52 (Signer 5), 

with a mean of 0.48 ± 0.03 consistently below 

the published multi-modal baseline of 0.50. 

BERTScore-F1 ranges from 0.831 to 0.861 

across  

 

 

folds. The narrow inter-signer variance 

(σ = 0.03) confirms that the InfoNCE 

contrastive term in Equation (13) and the 

ACMA fusion in Equations (4)–(6) jointly 

produce signer-agnostic representations. Signer 

5 exhibits the highest WER, correlated with the 

highest intra-signer signing speed variation. 
 

Table 7. Ablation study results. Δ denotes improvement over the preceding configuration. 

  

Configuration ViT VideoMAE Flow 
Q-

Former 
LoRA 

BLEU-

4 (Δ) 

ROUGE-

L 
WER BERTScore 

Spatial Only (ViT-

B/16) 
Y N N N N 18.4 28.3 0.78 0.681 

+VideoMAE 

(Eq. 2) 
Y Y N N N 

23.7 

(+5.3) 
35.1 0.70 0.723 
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Configuration ViT VideoMAE Flow 
Q-

Former 
LoRA 

BLEU-

4 (Δ) 

ROUGE-

L 
WER BERTScore 

+Optical Flow 

CNN (Eq. 3) 
Y Y Y N N 

27.1 

(+3.4) 
40.2 0.64 0.758 

+VT-Align Q-

Former (Eqs. 7–9) 
Y Y Y Y N 

29.8 

(+2.7) 
44.6 0.58 0.791 

+ AraGPT2 frozen 

(no LoRA) 
Y Y Y Y N 32.3 55.8 0.54 0.821 

Full Model 

(ArSLT-RGBNet) 
Y Y Y Y Y 

33.7 

(+1.4) 

59.6 

(+3.9) 
0.48 0.847 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 10. WER per signer in 6-fold leave-one-signer-out cross-validation 

 

3.8. BERTScore Semantic Analysis 

The BERTScore-F1 comparison in Figure 7 

reveals a +0.045 gain over SpaMo† 

(0.802 → 0.847). This improvement is 

qualitatively distinct from the BLEU-4 gain: 

BERTScore uses AraBERT contextual 

embeddings to assess semantic similarity and 

correctly identifies synonym substitutions as 

equivalent. The 28% synonym substitution rate 

documented in Section 3.10 implies that 

BERTScore provides a more accurate picture 

of true translation quality than BLEU, and that 

single-reference BLEU evaluation substantially 

under-reports the semantic adequacy of 

ArSLT-RGBNet’s output. 

3.9. Scaling Analysis 

The relationship between training data volume 

and model performance is examined in Figure 

10. Performance improves monotonically with 

no saturation at 100% of available training 

data, directly confirming that corpus expansion 

is the primary bottleneck for further gains. At 

20% of training data (approximately 1,460 

samples), BLEU-4 reaches 14.2%, 

demonstrating meaningful translation quality 

even in extremely low-resource regimes. 

  3.10. Error Analysis and Qualitative 

Translation Examples 

A systematic error taxonomy based on 100 

randomly sampled translation errors annotated 

by two native Arabic-speaking ArSL experts is 

presented in Figure 11. Adjective Deletion 

(34%) is the dominant failure mode: the model 

correctly translates core predicate-argument 

structure but omits modifier signs that occupy 

peripheral spatial locations and are vulnerable 

to CTC temporal compression (Equation 7), as 

illustrated by Examples 2 and 5 in Table 8. 

Synonym Substitution (28%) produces 

communicatively equivalent outputs penalised 

by BLEU’s surface-level n-gram scoring but 

correctly assessed by BERTScore, as illustrated 

by Example 3 in Table 8. Word Order Error 

(18%) is partly an 
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evaluation artefact given Arabic’s grammatical 

VSO/SVO/OVS flexibility, as illustrated by 

Example 4 in Table 8. Verb Morphology Error 

(10%) reflects the fact that gender agreement 

markers in ArSL are partially encoded via 

facial expression not yet explicitly modelled by 

the current architecture. Sign Confusion Error 

(7%) is concentrated in phonologically similar 

pairs differing only in movement direction, as 

illustrated by Example 6 in Table 8. Extra 

Insertion (3%) involves plausible but 

unsupported pragmatic expansions generated 

by AraGPT2-large, illustrated by Example 7 in 

Table 8. 

 
       

Figure 11. Scaling analysis: BLEU-4 (%), ROUGE-L (%), and WER (ratio) as functions of training data fraction (%).  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 12. Error analysis of 100 randomly sampled translation errors annotated by two native Arabic-speaking ArSL 

experts. 

 

Representative qualitative translation examples 

from the signer-independent test set are 

presented in Table 8. Seven examples illustrate 

all six error categories defined in Section 3.10, 

each accompanied by the source sign gloss 

sequence, the English rendering of both the 

reference and system output, the error type, a 

detailed analytical note, and the per-sentence 

BLEU-4 score. The examples confirm that the 

dominant errors are meaning-preserving in 

nature—synonym substitutions and word order 

variations—rather than meaning-distorting 

failures such as sign confusions, which 

accounts for the high BERTScore (0.847) 

despite moderate BLEU-4 (33.7%). All 

original Arabic outputs are available in the 

publicly released evaluation scripts. 
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Table 8. Qualitative translation examples from the ArabSign RGB signer-independent test set (Fold 1). 

 

Source Sign 

Gloss 

Sequence 

Reference Meaning 

(English) 

ArSLT-RGBNet 

Output (English) 

Error Type Analytical Note BLEU-

4 

BOY + GO + 

SCHOOL 

The boy goes to 

school. 

The boy goes to 

school. 

None — Exact 

Match 

Perfect 3-sign sentence 

translation; unambiguous 

handshape-location pairs 

with no phonological 

neighbours. 

100.0 

GIRL + 

DRINK + 

WATER + 

COLD 

The girl drinks cold 

water. 

The girl drinks 

water. 

Adjective Deletion Modifier sign COLD 

omitted; occupies peripheral 

spatial location, suppressed 

by CTC temporal 

compression (Eq. 7). 

72.4 

BOY + BIG + 

PLAY + 

HOUSE 

The big boy plays at 

home. 

The big boy plays at 

the residence. 

Synonym 

Substitution 

Lexical variant 'residence' 

substituted for 'home'; 

communicatively equivalent, 

penalised by BLEU n-gram 

matching but correctly 

scored by BERTScore. 

68.3 

BOY + GO + 

SCHOOL 

The boy went to 

school. (VSO order) 

The boy went to 

school. (SVO order) 

Word Order Error Both VSO and SVO are 

grammatically valid Modern 

Standard Arabic 

constructions; error arises 

from single-reference 

evaluation enforcing one 

canonical ordering. 

61.5 

GIRL + 

BEAUTIFUL 

+ WORK + 

FAST + 

HOUSE 

The beautiful girl 

works quickly at 

home. 

The girl works 

quickly at home. 

Adjective Deletion Modifier sign BEAUTIFUL 

omitted in a 5-sign sentence; 

frequency of adjective 

deletion increases with 

sentence length, consistent 

with the scaling analysis in 

Table 5. 

54.1 

BOY + 

CAME + 

SCHOOL 

The boy came from 

school. 

The boy went to 

school. 

Sign Confusion Minimal pair confusion 

between CAME and WENT: 

identical B-handshape and 

neutral-space location; 

disambiguated only by 

movement direction, which 

is susceptible to depth-axis 

foreshortening in monocular 

RGB. 

32.7 

I + STUDY + 

READ + 

I studied, read, and 

wrote. 

I studied and read 

the book. 

Partial Deletion + 

Extra Insertion 

Sign WRITE omitted 

(partial deletion); 'the book' 

39.2 
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Source Sign 

Gloss 

Sequence 

Reference Meaning 

(English) 

ArSLT-RGBNet 

Output (English) 

Error Type Analytical Note BLEU-

4 

WRITE hallucinated (extra 

insertion). Compounded 

error in 4-sign sequence; 

AraGPT2 generates 

plausible but unsupported 

pragmatic expansion. 

 

3.11. Computational Complexity Analysis 

A comprehensive computational 

complexity comparison is presented in 

Figure 13 and Table 9. All timings are 

measured on an NVIDIA A100 80 GB GPU 

using half-precision (FP16) inference. 

ArSLT-RGBNet has the largest total 

parameter count (~875M) due to the 

AraGPT2-large backbone, but requires 

updating only 3.9M parameters during 

fine-tuning (0.49 per cent via LoRA), 

making it more parameter-efficient at 

training time than any non-LoRA baseline. 

Inference latency of 450 ms per 16-frame 

clip represents the primary limitation for 

real-time deployment, and is addressed as 

a future work direction in Section 4. 
 

3.12. Limitations, Threats to Validity, and 

Ethical Considerations 

3.12.1. Dataset Scale and Demographic 

Bias 

The ArabSign dataset contains 9,335 

samples from 6 male signers aged 21–30 

years from a single Arabian Gulf-region 

indoor environment, representing only the 

Gulf dialectal variety of Arabic Sign 

Language. The absence of female signers is 

consequential for translation quality: 

gender agreement markers in ArSL are 

partially encoded via facial expression, 

directly contributing to the 10 per cent 

verb morphology error rate documented in 

Section 3.10. Performance figures should 

be interpreted as upper bounds on what 

would be achieved with a 

demographically diverse deployment 

population spanning multiple age groups, 

genders, skin tones, and dialectal varieties 

(Gulf, Levantine, Egyptian, Moroccan, 

Iraqi). The risk of overfitting to the specific 

stylistic patterns of 5 training signers is 

partially mitigated by the leave-one-

signer-out evaluation protocol and the 

InfoNCE contrastive pre-training objective, 

but cannot be fully eliminated given the 

limited corpus size. 

3.12.2. Annotation Dependency and 

Reproducibility 

Although ArSLT-RGBNet is annotation-

free at inference time, Phase 1 CTC pre-

training uses ArabSign’s gloss annotations 

as pseudo-label supervision (Equation 13). 

For a completely annotation-independent 

system, unsupervised video segmentation 

would be required for pseudo-label 

derivation. Additionally, single-reference 

evaluation introduces a downward bias in 

BLEU, ROUGE, and METEOR scores—

partially addressed by ChrF and 

BERTScore but not fully resolved. Multi-

reference annotations (4–5 references per 

sentence) would substantially improve 

evaluation reliability. 

3.12.3. Inference Latency 

Inference latency of 450 ms per 16-frame 

clip on an A100 GPU (approximately 

820 ms on an RTX 3080) does not satisfy 
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real-time requirements for mobile 

deployment (target: ≤100 ms on mobile 

neural processing units). Knowledge 

distillation to a lightweight student 

architecture is the primary engineering 

path to real-time deployment, as outlined 

in Section 5. 

3.12.4. Ethical Considerations 

Several ethical dimensions warrant explicit 

consideration. With respect to data 

privacy, the ArabSign dataset was 

collected with informed consent from all 

participants; this work uses the publicly 

released version without additional data 

collection. With respect to fairness, the 

current model may exhibit systematically 

lower performance for signing styles, 

dialects, or demographic groups not 

represented in the training data. 

Deployment of ArSLT-RGBNet in 

communities for which it has not been 

validated could introduce harmful 

communication failures; any deployment 

should be accompanied by rigorous user 

studies with representative deaf 

community members. With respect to 

accessibility impact, the framework’s 

deployment-readiness on standard RGB 

cameras (without depth sensors) has the 

potential to substantially increase 

accessibility for deaf Arabic-speaking 

communities in low-resource settings. 

With respect to societal bias, the model 

inherits any biases present in the ArabSign 

dataset (exclusively Gulf-region, 

exclusively male signers) and the 

AraGPT2-large pre-training corpus. These 

biases must be evaluated and mitigated 

prior to any production deployment. 

3.13 Future Research Directions 

Six tractable research directions are 

identified. Corpus expansion to 50,000–

100,000 sentence-level samples covering 

five dialectal varieties, both genders, and 

multiple recording environments is 

estimated to enable BLEU-4 > 45. Explicit 

facial grammar modelling via a dedicated 

facial action unit encoder would address 

the 10% verb morphology error rate. 

Upgrading the LLM decoder to ALLaM-

7B[27] or Jais-13B via 4-bit QLoRA is 

projected to yield +4–7 BLEU-4. Real-time 

mobile deployment via knowledge 

distillation to a 3-layer Q-Former and 

lightweight student encoder is projected to 

reduce inference latency by approximately 

75% with a projected BLEU-4 sacrifice of 

only 1.2 points. Bidirectional translation—

generating ArSL signing avatar animations 

from Arabic text—would complete the 

communication loop. Multi-reference 

evaluation (4–5 references per sentence) 

would provide more reliable automatic 

metric scores and enable multi-reference 

training objectives. 

4. Conclusion 

This paper introduced ArSLT-RGBNet, the 

first annotation-efficient, end-to-end 

framework for translating continuous 

Arabic Sign Language video into fluent 

Modern Standard Arabic text using only 

the RGB colour modality. The architecture 

combines a three-stream spatiotemporal 

visual encoder (Equations 1–6) with a Q-

Former VT-Align bridge (Equations 7–9) 

and an AraGPT2-large decoder adapted 

via LoRA (Equations 10–12), trained in two 

phases (Equations 13–14). On the ArabSign 

RGB signer-independent benchmark, the 

system achieves BLEU-4 = 33.7 ± 1.6%, 

ROUGE-L = 59.6 ± 1.1%, ChrF = 54.2 ± 1.4%, 

BERTScore-F1 = 0.847 ± 0.009, and 

WER = 0.48 ± 0.03, with expert human 

evaluation confirming Adequacy = 3.84/5 

and Fluency = 4.01/5. The Arabic-native 

decoder contributes +12.9 ROUGE-L over 
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the best multilingual baseline (SpaMo†), 

validating language-specific pre-training 

as a critical architectural choice. ArSLT-

RGBNet establishes a reproducible 

foundation for accessible communication 

technology for the estimated 35–40 million 

deaf Arabic speakers worldwide. 
 

 

 
 
Figure 13. Computational complexity and efficiency comparison across all systems. Highlighted row (green) 

indicates ArSLT-RGBNet. Despite the largest inference latency, ArSLT-RGBNet requires the fewest trainable 

parameters during fine-tuning (3.9M via LoRA), achieving the highest BLEU-4 performance at training-time 

efficiency. 

 
Table 9. Computational efficiency summary. FLOPs measured per 16-frame clip. GPU memory during 

training. All measurements on NVIDIA A100 80 GB GPU, FP16 precision. 

System 
Trainable 

Params 

Total 

Params 

FLOPs 

/clip 

GPU 

Mem 

(Train) 

Inference 

Latency 
BLEU-4 (%) 

CTC-Encoder (RGB) 28.4M 28.4M 12.3G 4.1 GB 48 ms 12.3 

CNN-LSTM [6] 42.1M 42.1M 18.7G 5.8 GB 71 ms 18.7 

ADTR [13] 67.3M 67.3M 34.2G 9.4 GB 112 ms 21.4 

Sign2GPT† [10] 124.3M 124.3M 61.2G 14.2 GB 183 ms 25.9 

SpaMo† [11] 187.6M 187.6M 94.8G 21.6 GB 271 ms 28.2 

ArSLT-RGBNet 

(Ours) 
3.9M (LoRA) ~875M 124.6G 28.3 GB 450 ms 33.7 
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