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The pre-trained large language models (LLMs) achieve impressive advancements not only in text-based tasks 
but also show significant potential in basic visual-language comprehension. However, it remains uncertain 
whether LLMs pre-trained on text can comprehend the grammar of sign language based on gestural actions 
after fine-tuning with limited data. Despite the near-human performance of current LLMs in understanding 
and generating spoken text, their ability to transition from text language to visual language for multimodal tasks 
is still confusing. In this paper, we propose the SL-LLaMA model, which leverages the robust capabilities of 
LLMs for sign language translation tasks and investigate the multimodal abilities of LLMs in transferring from 
textual language to visual language. We use the LLaMA 2 family of models to perceive and understand sign 
language grammar and to generate corresponding spoken text. To incorporate video information into the LLM, 
we propose a sign language translation framework that integrates a vision encoder, an MM-Adaptor, and an 
LLM to understand sign language and generate the spoken language. Additionally, we employed the language 
alignment-Supervised fine-tuning training strategy to infuse sign language knowledge into the model. Our study 
evaluates the performance of gloss-free sign language translation on two benchmarks: RWTH-PHOENIX-
Weather-2014-T and CSL-Daily. Compared to current state-of-the-art methods, the proposed model achieves 
competitive results, demonstrating the strong potential of text-pretrained LLMs in understanding visual gram-
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matical knowledge. Ablation experiments explore the impact of each component on sign language translation, 
as well as the framework’s generalization and scalability, providing a foundational basis for future applications 
of LLMs in more complex multimodal tasks.
KEYWORDS: Large Language Model, Sign language translation, Multi-modal, Low-Rank Adaptation.

1. Introduction
Sign language is a crucial communication method 
for individuals with hearing impairments, with mil-
lions worldwide relying on it for daily interactions 
[3, 5]. However, the inherent complexities of sign 
language—its unique grammatical structures, re-
liance on multimodal cues (e.g., hand movements, 
facial expressions, and body postures), and its vast 
divergence from spoken languages—make devel-
oping effective computational translation methods 
a longstanding challenge [41]. Gloss-free sign lan-
guage translation (SLT) has emerged as a promising 
research area, eliminating the need for intermediate 
linguistic annotations, and thus simplifying the data 
annotation process [40]. Despite progress, the field 
still grapples with critical issues: accurately aligning 
multimodal visual signals to textual outputs, com-
prehending sign language grammar, and overcoming 
the scarcity of high-quality datasets [10].
Recent advancements in Large Language Models 
(LLMs) demonstrated unprecedented capabilities in 

understanding and generating natural languages, as 
well as excelling in cross-modal tasks such as image 
caption. Multimodal large language models (MLLMs) 
like GPT-4o [14] and LLaVA [19] showcase the po-
tential of LLMs in integrating visual and linguistic 
information. Nevertheless, their application to sign 
language translation remains largely underexplored. 
Video-based tasks like SLT require not only static but 
also the ability to process sequential visual frames 
and derive nuanced grammatical representations 
from gestures-the difficulty beyond the capabilities of 
existing multimodal LLMs optimized for image-text 
tasks, as shown in Figure 1. On the one hand, sign 
language translation introduces unique challenges, 
including dynamic visual semantic understanding 
and the representation of motion-based grammatical 
constructs. Current MLLMs primarily focus on static 
image-text pairs, often neglecting the temporal and 
grammatical complexities inherent in video tasks. 
In addition, training large models typically requires 

Figure 1
Sign language translation in MLLM. The current advanced multimodal large language model, GPT-4o, is unable to effectively 
perform sign language translation. Instead, it is limited to answering queries related to the steps of the translation process. 
Our MLLM is designed to follow explicit instructions and directly generates the translated text from sign language.
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backbone. We adopt the two-stage strategy, 

……

……

Sign Language Video

Translate the sign language to 
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To translate sign language from a video file into German spoken language, the following steps are typically required: 
1. Sign Language Recognition (SLR): 
 • Use a sign language recognition model to extract the gestures and translate them into text. 
2. Text-to-Spoken Language Translation: 
 • Translate the recognized sign language text into German spoken language text. This requires understanding 
the grammar and context of both sign and spoken languages. 
3. Speech Synthesis (optional): 
 • Convert the German spoken language text into audio using a text-to-speech (TTS) system. 
Would you like to proceed with sign language recognition on the uploaded video? If so, I can help extract and process 
the gestures for translation.

und nun die wettervorhersage für morgen sonntag den 
zwölften dezember .SL-LLM

GPT-4o Response

Sign Language LLM Response
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large-scale data, whereas annotated sign language 
data is highly limited. Therefore, the critical chal-
lenge in achieving SLT by MLLM is how to design a 
reasonable model structure and implement effective 
model fine-tuning strategy under data constraints.
To address the challenges, we design a multimodal 
large language model framework for gloss-free SLT 
and introduce SL-LLaMA, alone with a proposed 
fine-tuning strategy. SL-LLaMA incorporates a vision 
encoder, a specialized MM-Adaptor and a pretrained 
LLM backbone. We adopt the two-stage strategy, Lan-
guage Alignment-Supervised Fine-tuning, to train the 
model, endowing it with sign language translation ca-
pabilities. To avoid overfitting and catastrophic for-
getting with limited annotated data, inspired by re-
search [12], we utilize the Low-Rank Adaptor (LoRA) 
method to fine-tune the LLM parameters. The prima-
ry contributions of this paper are as follows:
1	 We develop SL-LLaMA, a cross-modal sign lan-

guage translation framework combining a pre-
trained LLM, a vision encoder, and an MM-Adap-
tor to bridge visual and textual modalities.

2	 We introduce the Alignment-SFT approach, en-
abling efficient fine-tuning of LLMs with LoRA to 
adapt to the complex grammar of sign language us-
ing limited data.

3	 Experimental validation on two benchmarks il-
lustrates the effectiveness of SL-LLaMA in gloss-
free translation tasks, showcasing its scalability to 
broader vision-language challenges. Generaliza-
tion experiments also demonstrate the excellent 
adaptability and scalability.

2. Related Work
2.1. Sign Language Translation
Sign language translation (SLT) aims to translate 
continuous sign language videos into corresponding 
spoken language sentences. As it involves both vid-
eo and text modalities, research and improvements 
in this field have predominantly focused on two key 
aspects: visual feature extraction and temporal se-
quence modeling [38].
In terms of visual feature extraction, most SLT meth-
ods employ convolutional neural networks to ex-
tract spatial features from individual frames of sign 

language videos [7, 16, 33]. With advancements in 
computer vision technologies, more effective visual 
backbone networks, such as ResNets [25] and Effi-
cientNets [5], have been utilized for capturing sign 
language movements, thereby improving translation 
quality. Recently, a limited number of studies explored 
the use of Vision Transformers (ViTs) for feature ex-
traction [9]. This approach effectively captures global 
visual information, enabling the extraction of seman-
tic-rich features that are beneficial for understanding 
the meaning of sign language gestures.
For temporal sequence modeling, SLT has drawn 
extensively from methods in text-based machine 
translation [22]. Early approaches, such as Hidden 
Markov Models (HMMs) [15, 16], have evolved into 
the use of RNNs, with LSTM networks being widely 
adopted [4]. Similar to visual technologies, advance-
ments in machine translation have also propelled 
progress in sign language translation, have been 
increasingly applied in recent years, significantly 
enhancing translation performance [34]. Recent 
SLT methods have increasingly adopted encod-
er-decoder frameworks and Transformers to model 
complex sign language structures. Notable works 
in this direction include TSPNet [18], SLTR-T [5], 
and GASLT [36], which utilize hierarchical visual 
encoders and sequential decoders. Signformer [35] 
and GFSLT [40] further advanced this field by intro-
ducing attention-based models and leveraging visu-
al-language pretraining.
Large language models (LLMs) have demonstrat-
ed remarkable capabilities in recent time [1, 29]. 
Through scaling laws [11] and emergent properties 
[31], LLMs exhibit advanced abilities such as logi-
cal reasoning, writing, and role-playing, which are 
not achievable in smaller models [24, 30]. However, 
the application of LLMs in sign language transla-
tion remains underexplored. Sign2GPT integrates 
a small-scale LLM with a vision encoder to perform 
gloss-free SLT [32]. It proposes a pseudo-gloss pre-
training strategy to enhance visual-text alignment. 
While Sign2GPT demonstrates strong performance, 
its task-specific tuning limits its generalizability to 
broader multimodal scenarios.
Although some exploratory studies have been con-
ducted [32], models exceeding 7 billion parameters 
have yet to be utilized for sign language translation 
tasks. This highlights a promising avenue for lever-
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aging the power of LLMs to further advance sign lan-
guage translation research and development.

2.2. LLM for Vision-Text Tasks
Large language models (LLMs) have demonstrated 
groundbreaking achievements in image-text tasks, 
such as image captioning, visual question answer-
ing (VQA), and mathematical reasoning. Models like 
MiniGPT-4 [42] and LLaVA [19] have successfully 
leveraged the extensive pre-trained knowledge of 
LLMs, showcasing their capability to effectively un-
derstand and process both visual and textual inputs. 
Generally, these models integrate a vision encoder and 
an LLM. MiniGPT-4 [42] employs CLIP-ViT as a vision 
encoder and a Q-Former with a frozen LLM for image 
captioning. LLaVA [19] incorporates a visual instruc-
tion tuning pipeline with LLaMA and Vicuna as the text 
decoder. Visual networks such as CLIP-ViT [27], Din-

Figure 2 
The architecture of SL-LLaMA. The model consists of three main components: the Vision Encoder, the MM-Adaptor, and 
the LLM backbone. The Vision Encoder includes a pre-trained CNN and a lightweight Local Transformer network. The 
MM-Adaptor is composed of two linear layers with a nonlinear activation function. The LLM backbone is based on the 
LLaMA family of models and is primarily responsible for understanding instructions and sign language semantics, and 
generating the translated text.
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vectors into the dimensional space of word 
embeddings; LLaVA utilizes a two-layer fully 
connected network; and MM1 [21] and Qwen-VL 
[2] adopt attention-based networks as adaptors. 
These modules, once trained, enable the LLM to 
effectively utilize the visual information 
provided by the vision encoder. 

Despite the rapid progress of LLMs in image-text 
tasks, their performance degrades significantly in 
video-based tasks due to the lack of temporal 
modeling and insufficient alignment with 
dynamic visual semantics. However, the success 
of LLMs in image-text tasks inspires further 
exploration of their potential in this domain. 
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linguistic capabilities empower them to generate 
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eling and insufficient alignment with dynamic visu-
al semantics. However, the success of LLMs in im-
age-text tasks inspires further exploration of their 
potential in this domain.
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In the context of sign language translation, LLMs of-
fer unique advantages. Their pre-trained linguistic 
capabilities empower them to generate coherent and 
contextually appropriate textual outputs, addressing 
the challenge of semantic alignment between video 
frames and corresponding textual descriptions. This 
positions LLMs as a promising avenue for advanc-
ing the field of sign language translation, leveraging 
their robust capabilities to bridge the gap between 
visual and textual modalities.

3. Methods
3.1. Model Structure
Our proposed SL-LLaMA model, as illustrated in 
Figure 2, comprises three components: a Vision En-
coder, an MM-Adaptor, and a large language model 
backbone. Each module is selected based on their 
complementary roles in handling the unique chal-
lenges of sign language translation. First, the Vision 
Encoder processes sequential sign language video 
frames, which are rich in spatial and temporal in-
formation. The MM-Adaptor is introduced to bridge 
the visual features and the LLM’s textual input space 
because of the gap on the two modalities. The LLM 
is selected due to its strong reasoning and language 
generation ability.
Vision Encoder. In mainstream multimodal large 
language models, such as LLaVA, pre-trained CLIP-
ViT models are employed as vision encoder to pro-
cess image signals. In our SL-LLaMA, we first utilize 
a pre-trained CNN network to process each frame of 
a sign language video. 

sign language video.  
Z = {z1, z2, … , zT}, zi = fCNN (vi) (1)

Specifically, for a given sign language video  
V = {v1,v2,…,vT},vi

 ∊ RT×3×224×224, the spatial feature of 
each frame is extracted as Z = ∊ RT×1024. 

L = fLTN (Z). (2)

Since sign language conveys semantic information 
through an ordered sequence of frames, we design a 
local Transformer network (LTN) within the vision 
encoder to learn the spatiotemporal feature rep-

resentation L ∊ RT×1024, which provides the SL-LLa-
MA with semantic information from sign language. 
Specifically, for each input token corresponding 
to a frame, the attention is computed only within a 
fixed-size temporal window (e.g., ±4 frames when 
the window size is 8). Tokens outside this window 
are masked, and their attention weights are set to 
negative infinity before softmax. The window size of 
the local self-attention is set to 8, based on our anal-
ysis showing that the average ratio of video length to 
text length in sign language datasets is approximate-
ly 8. In summary, the vision encoder processes sign 
language videos through a combination of CNN and 
self-attention networks, encoding visual data into 
spatiotemporal feature representations to effective-
ly capture the semantic content of the input.
MM-Adaptor. To enable the input of video features 
processed by the vision encoder into the LLM for 
modeling, a dedicated module is required to handle 
these features. Commonly used modules include 
linear layers [29], cross-attention mechanisms 
[2], and C-Abstractors [21]. We employed an MLP 
with a nonlinear activation function. It serves as 
a bridge connecting linguistic and visual informa-
tion, processing the spatiotemporal representation 
of sign language generated by the vision encoder. 
Our MM-Adaptor consists of two linear layers and a 
GELU activation function, mapping the vectors L to 
a 4096-dimensional space as S ∊ RT×4096 before inject-
ing them into the LLM. 

S = fGLEU (L*W1)*W2, (3)

where W1
 ∊ R1024×4096 and W2

 ∊  R4096×4096 are the weights of 
the linear layers.  Compared to linear layers, we ana-
lyzed that MLPs are more suitable due to the neces-
sity of the nonlinear activation function for the mod-
el. Our ablation experiments support this analysis.
LLM. In SL-LLaMA, we utilize the LLaMA family 
[30] of models as the LLM backbone for perceiving, 
understanding, reasoning, and generating multi-
modal information from visual-text inputs. The 
LLaMA model is an open-source, text-pretrained 
LLM that supports multiple languages. Many re-
cently proposed LLMs [8] and MLLMs [42] are 
derived from the LLaMA model through further 
pre-training and fine-tuning. We employ the LLa-
MA model to generate natural and fluent spoken 
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language based on the input sign language video 
features. The LLM takes visual features and textu-
al instruction tokens as input. The tokens are pro-
cessed into word embeddings by tokenizer, and the 
LLM then autoregressively generates the translat-
ed spoken language text following the instructions. 
It is important to note that LLMs like LLaMA are 
pretrained exclusively on textual corpus and, there-
fore, inherently lack the ability to understand sign 
language videos. To address this imitation, we de-
sign the training strategy to align the sign language 
and the text for SL-LLaMA.

3.2. Training Strategy
To train SL-LLaMA to learn sign language represen-
tation and generation using a limited training set, we 
adopt a two-stage fine-tuning method called "Lan-
guage Alignment-Supervised Fine-tuning (SFT)", 
as shown in Figure 3. We intend to explore the abil-
ity of a large language model to extend to multimod-
al capabilities without any prior visual-text data 
pre-training. Therefore, we train and fine-tune the 

Figure 3 
The training pipeline of the SL-LLaMA model. We design two-stage training strategy. In language alignment, we utilize 
the "sign language - spoken text" data pairs to train the parameters of local Transformer network in vision encoder and 
MM-Adaptor. During the SFT stage, the sign language and the instruction are the input of model. The MM-Adaptor and 
LLM backbone are trainable, while the LLM is fine-tuned with LoRA.
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model to extend to multimodal capabilities 
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scale video-text data. 
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stage, we aim to inject grammatical and semantic 
knowledge of sign language into the model by 
aligning visual features with spoken text. We 
construct training pairs consisting of sign 
language videos and their corresponding spoken 
language sentences. The Local Transformer 
Network (LTN) in the Vision Encoder and the 
MM-Adaptor are set as trainable, while the LLM 
remains frozen at this stage.  

The visual input for each video is processed into 
a spatiotemporal sequence, which is then 
projected to a 4096-dimensional embedding by 
the MM-Adaptor. This aligned feature sequence 
serves as input tokens for the LLM. During 
training, we apply a mild data augmentation 

strategy by randomly dropping 10% of video 
frames. This improves robustness while 
preserving overall semantics due to the high 
frame redundancy in sign language videos. 

The alignment loss is computed as the cross-
entropy between the generated text and ground-
truth sentences, enabling the visual modules to 
learn text-aligned semantics and temporal 
dependencies in gesture sequences. 

Supervised Fine-Tuning. In the SFT stage, we 
fine-tune both the MM-Adaptor and the LLM 
using the annotated training set. There are two 
primary objectives in the supervised fine-tuning 
stage. First, it aims to enhance the semantic 
understanding of SL videos and strengthen the 
alignment between visual and textual modalities 
for SL-LLaMA. Second, the SFT stage focuses on 
training the model to follow the input instruction 
rather than GPT-4o like Figure 1. By leveraging 
annotated training data and introducing domain-
specific prompts, it enables the model to generate 
high-quality, contextually, and instruction-
compliant response. During this phase, we 
utilized the following predefined templates as 
prompts: 

“[INST] <sign> <frames features> </sign> /n 
Translate the sign language into German text. 
[/INST]” 

Here, <frame features> represents the encoded 
visual sequence, while the textual instruction 
specifies the target task and language. These 
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…
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MM-Adaptor

Pretrained CNN
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[Translated Text]

[Instruction]

[Sign Language Video]

SL-LLaMA using only the training set of the sign 
language dataset, without incorporating any other 
large-scale video-text data.
Language Alignment. In the alignment learning 
stage, we aim to inject grammatical and semantic 
knowledge of sign language into the model by align-
ing visual features with spoken text. We construct 
training pairs consisting of sign language videos and 
their corresponding spoken language sentences. The 
Local Transformer Network (LTN) in the Vision 
Encoder and the MM-Adaptor are set as trainable, 
while the LLM remains frozen at this stage. 
The visual input for each video is processed into a 
spatiotemporal sequence, which is then projected to 
a 4096-dimensional embedding by the MM-Adaptor. 
This aligned feature sequence serves as input tokens 
for the LLM. During training, we apply a mild data 
augmentation strategy by randomly dropping 10% of 
video frames. This improves robustness while pre-
serving overall semantics due to the high frame re-
dundancy in sign language videos.
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The alignment loss is computed as the cross-en-
tropy between the generated text and ground-truth 
sentences, enabling the visual modules to learn text-
aligned semantics and temporal dependencies in 
gesture sequences.
Supervised Fine-Tuning. In the SFT stage, we 
fine-tune both the MM-Adaptor and the LLM using 
the annotated training set. There are two prima-
ry objectives in the supervised fine-tuning stage. 
First, it aims to enhance the semantic understand-
ing of SL videos and strengthen the alignment be-
tween visual and textual modalities for SL-LLaMA. 
Second, the SFT stage focuses on training the mod-
el to follow the input instruction rather than GPT-
4o like Figure 1. By leveraging annotated training 
data and introducing domain-specific prompts, it 
enables the model to generate high-quality, contex-
tually, and instruction-compliant response. During 
this phase, we utilized the following predefined 
templates as prompts:
“[INST] <sign> <frames features> </sign> /n Trans-
late the sign language into German text. [/INST]”
Here, <frame features> represents the encoded visu-
al sequence, while the textual instruction specifies 
the target task and language. These prompt tokens 
are passed through the LLM’s tokenizer and concat-
enated with visual tokens to serve as input.

We utilize the efficient fine-tuning method, LoRA 
[11], for fine-tuning the LLM during SFT. Specifical-
ly, for each attention weight matrix W, LoRA defines:

W′ = W+AB, (4)

where A ∊ Rd×r, B ∊  Rr×d, and r is the rank parameter 
controlling adaptation complexity. LoRA introduces 
low-rank matrices, reducing the number of train-
able parameters and computational resources need-
ed [20], making it feasible to train SL-LLaMA in a 
laboratory setting, as shown in Figure 4. Addition-
ally, LoRA does not alter the original parameters, it 
preserves the model's general knowledge and per-
formance [26], preventing catastrophic forgetting 
and overfitting to the limited sign language training 
data. By the supervised fine-tuning, it ensures robust 
cross-modal reasoning and fluent textual output, 
even in resource-constrained scenarios.

3.3. Evaluation Metrics

To compare our method with other state-of-the-art 
approaches, we utilize the widely used ROUGE and 
BLEU metrics to evaluate the alignment between 
the translated content and the reference sentences. 
ROUGE is a recall-oriented evaluation metric that 
focuses on assessing the coverage of the generated 

Figure 4 
Fine-tune the LLM backbone with Low-Rank Adaptor. The pretrained weights of the LLM remain frozen, while low-rank 
matrixes (denoted as A and B) are introduced to adaptively learn task-specific updates. This approach efficiently injects new 
knowledge with minimal additional parameters, preserving the LLM's original capacity and reducing the risk of overfitting.
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LoRA [Error! Reference source not found.], for 
fine-tuning the LLM during SFT. Specifically, for 
each attention weight matrix W, LoRA defines: 

 

where , , and r is the rank 
parameter controlling adaptation complexity. 
LoRA introduces low-rank matrices, reducing 

the number of trainable parameters and 
computational resources needed [20], making it 
feasible to train SL-LLaMA in a laboratory 
setting, as shown in Figure 4. Additionally, LoRA 
does not alter the original parameters, it 
preserves the model's general knowledge and 
performance [26], preventing catastrophic 
forgetting and overfitting to the limited sign 
language training data. By the supervised fine-
tuning, it ensures robust cross-modal reasoning 
and fluent textual output, even in resource-
constrained scenarios.

Figure 4 

Fine-tune the LLM backbone with Low-Rank Adaptor. The pretrained weights of the LLM remain frozen, while low-
rank matrixes (denoted as A and B) are introduced to adaptively learn task-specific updates. This approach efficiently 
injects new knowledge with minimal additional parameters, preserving the LLM's original capacity and reducing the 
risk of overfitting. 

 

3.3 Evaluation Metrics 

To compare our method with other state-of-the-
art approaches, we utilize the widely used 
ROUGE and BLEU metrics to evaluate the 
alignment between the translated content and 
the reference sentences. ROUGE is a recall-
oriented evaluation metric that focuses on 
assessing the coverage of the generated text. 
BLEU measures the precision of the generated 
text by calculating the exact match count of N-
grams between the generated text and the 
reference text. 

4. Experiments and Discussion 
4.1 Dataset and Implementation 

The PHOENIX-2014T [3] dataset is a commonly 
used benchmark dataset for German sign 
language translation, primarily consisting of 
televised German weather forecasts. It features 9 

sign language performers, and the dataset 
includes 1,066 sign language vocabulary words 
and 2,887 translated German spoken language 
words. The dataset is divided into training, 
validation, and test sets, comprising 7,096, 519, 
and 642 sign language videos, respectively. CSL-
Daily [41] is a specialized dataset designed in a 
controlled laboratory environment, 
encompassing a broad spectrum of daily 
activities such as shopping, travel and family life. 

Due to computational resource constraints, we 
conduct experiments using two LLMs, llama 2-
7B and 13B, and utilize the pre-trained LLaMA 
tokenizer to encode the text. The minimum rank 
for LoRA is set to 8. During the alignment 
learning stage, the batch size is set to 4, and the 
training lasts for 3 epochs. In the SFT stage, the 
batch size is set to 2, and the training lasts for 2 
epochs. This setup leads to our experimental 
conclusion that the LLM does not require 
numerous training cycles; otherwise, 
performance does not improve and there is a risk 
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text. BLEU measures the precision of the generated 
text by calculating the exact match count of N-grams 
between the generated text and the reference text.

4. Experiments and Discussion
4.1. Dataset and Implementation
The PHOENIX-2014T [3] dataset is a commonly used 
benchmark dataset for German sign language transla-
tion, primarily consisting of televised German weath-
er forecasts. It features 9 sign language performers, 
and the dataset includes 1,066 sign language vocabu-
lary words and 2,887 translated German spoken lan-
guage words. The dataset is divided into training, val-
idation, and test sets, comprising 7,096, 519, and 642 
sign language videos, respectively. CSL-Daily [41] is a 
specialized dataset designed in a controlled laboratory 
environment, encompassing a broad spectrum of daily 
activities such as shopping, travel and family life.
Due to computational resource constraints, we con-
duct experiments using two LLMs, llama 2-7B and 
13B, and utilize the pre-trained LLaMA tokenizer to 
encode the text. The minimum rank for LoRA is set to 
8. During the alignment learning stage, the batch size 
is set to 4, and the training lasts for 3 epochs. In the 
SFT stage, the batch size is set to 2, and the training 

lasts for 2 epochs. This setup leads to our experimen-
tal conclusion that the LLM does not require numer-
ous training cycles; otherwise, performance does not 
improve and there is a risk of overfitting. All experi-
ments, including training and validation, are conduct-
ed on two A100 GPUs with 80GB of memory each.

4.2. Main Results and Analysis

4.2.1. Results on Phoenix-2014T
In Table 1, we conduct a comparative analysis of 
SL-LLaMA against the current state-of-the-art models 
on PHOENIX-2014T. The compared models for sign 
language translation all operate in a gloss-free man-
ner. When the LLaMA-7B model utilized in SL-LLa-
MA, compared to other methods that do not use a pre-
trained language model, our approach demonstrates 
significantly superior performance across evaluation 
metrics. In contrast, Sign2GPT, which leverages a 
small pre-trained language model, achieves competi-
tive results. While our 7B parameter model approach-
es but does not surpass Sign2GPT, it employs a special-
ized training strategy for modeling sign language visual 
feature. When we further increase the LLM parameter 
size from 7B to 13B, our SL-LLaMA outperforms all 
methods in the comparison table. These experimental 
results demonstrate the effectiveness, advancement, 
and scalability of the proposed SLT framework.

Method ROUGE BLEU1 BLEU2 BLEU3 BLEU4

CSGCR (2021) [39] 38.85 36.71 25.4 18.86 15.18

SLTR-T (2020) [5] - 45.34 32.31 24.83 20.17

GASLT (2023) [36] 39.86 39.07 26.74 21.86 15.74

GFSLT (2023) [40] 40.93 41.39 31 24.2 19.66

VL-Mapper (2023) [6] 46.67 - - - 21.36

SignBERT+ (2023) [13] 44.89 44.35 32.09 24.92 20.41

SignFormer (2024) [35] 46.24 - - - 20.02

Sign2GPT (2024) [32] 45.23 45.43 32.03 24.23 19.42

Sign2GPT+PGP (2024) [32] 47.11 47.06 33.61 25.85 20.93

SL-LLaMA 7B (Ours) 45.87 45.7 30.68 24.59 20.86

SL-LLaMA 13B (Ours) 49.34 48.95 33.63 26.07 23.73

Table 1
Comparison of gloss-free results on PHOENIX-2014T Test Set.
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4.2.2. Results on CSL-Daily
In Table 2, we present the result on the CSL-Daily 
dataset. The results exhibited a similar trend. The 
SL-LLaMA 7B model scored 1.19 points lower than 
sign2GPT on the BLEU4 metric, but it demonstrat-
ed a significant advantage over other methods that 
did not utilize pre-trained language model. The 13B 
model, due to its increased parameter count and ex-
pressive capacity, outperformed both the SL-LLa-
MA 7B and sign2GPT methods.

Methods ROUGE BLEU4

GASLT (2023) [36] 20.35 4.07

NSLT (2018) [3] 34.54 7.56

GFSLT (2023) [40] 35.16 9.88

Sign2GPT (2024) [32] 41.12 12.96

Sign2GPT+PGP (2024) [32] 33.39 9.73

SL-LLaMA 7B (Ours) 38.29 11.77

SL-LLaMA 13B (Ours) 41.96 13.42

Table 2
Comparison of gloss-free results on CSL-Daily Test Set.

4.2.3. Results Analysis
Evaluation results on two benchmarks demonstrate 
that our proposed SLT framework achieves the best 
current level in Gloss-free sign language translation. 
The challenging performance suggests that LLMs 
can indeed learn advanced grammatical knowledge 
from visual gestural actions, highlighting their im-
mense potential. In the research on large language 
models, the scaling law is a critical phenomenon 
indicating that larger model parameter sizes lead to 
stronger performance. We observe a similar trend: 
increasing the parameter of LLM backbone from 7B 
to 13B results in substantial performance improve-
ment. Based on this observation, it is reasonable to 
infer that the stronger the fundamental model's ca-
pabilities, the greater the performance gains for SLT 
task. This suggests a promising direction for future 
work to further enhance translation performance.
Our SL-LLaMA-7B model approaches but does not 
surpass Sign2GPT, which employs a much small-
er 2B language model. Sign2GPT utilizes a pseu-
do-glosses pre-training strategy to specifically en-

hance the sign language visual encoder for SLT. 
This novel approach enables the model to capture 
visual-semantic information with greater preci-
sion, resulting in strong performance. This insight 
highlights the importance of accurate and compre-
hensive extraction of visual features for achieving 
more precise sign language translation. However, 
it is worth noting that such task-specific optimiza-
tions are less transferable to other video-text tasks. 
In contrast, our framework and training strategy are 
more flexible and easily adaptable to a broader range 
of multimodal tasks, providing greater versatility 
and applicability beyond SLT.

4.3. Ablation Study
Ablation studies primarily analyze the effectiveness 
and impact of the key modules of SL-LLaMA, the 
MM-Adaptor, the LLM, and the Vision Encoder on 
sign language translation.

4.3.1. The Effectiveness of MM-Adaptor
Initially, we build a single Linear layer as the 
MM-Adaptor, similar to Mini-GPT4. However, we 
observe that the evaluation metrics significantly 
lag behind current SoTA methods. Therefore, we 
employ a two-layer MLP with a nonlinear activa-
tion function, GELU, which substantially improves 
model performance. To determine whether the gains 
are due to the increased number of parameters or 
the nonlinear function, we train another two-layer 
MLP without an activation function. As shown in 
Table 3, the experimental results indicate that the 
nonlinear activation function is the primary con-
tributing factor, leading to an improvement of 2.3 
to 3.3 points. Our analysis suggests that nonlinear 
activation functions effectively map visual signals 
to the textual feature space, as stated in [17]. The 
research of the multimodal large language model 
LLaVA also demonstrates the necessity of nonlinear 
activation functions in cross-modal alignment [19]. 
In contrast, Linear layers can only perform linear 
mappings, which makes cross-modal transforma-
tions challenging. The success of Mini-GPT4 lies in 
its use of a Q-Former to process visual features be-
fore the Linear layer, incorporating prior knowledge 
of visual-text cross-modality. Conversely, without 
the activation function, the impact of the number of 
Linear layers (parameter number) is negligible, and 
it even shows a decline in the 13B model.
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4.3.2. The Impact of Fine-tuning or Freezing LLM
In this study, we further explore whether the model 
can effectively perform sign language translation with 
the frozen LLM, thereby investigating the cross-mod-
al potential of text-pretrained language models. In 
Table 4, although there is a significant performance 
drop after freezing LLM, it still outperforms models 
such as GASLT listed in Table 1. This suggests that 
the text-pretrained LLMs have the inherent potential 
to understand and process multimodal information. 
Further analysis indicates that this potential arises 
from the rich linguistic knowledge and feature rep-
resentation capabilities developed during large-scale 
text pretraining. Harnessing this potential, future 
research may develop new paradigms for vision-lan-
guage alignment, and even guide and enhance visual 
tasks through language models.

4.3.3. The Impact of Vision Encoder on LLM
In this framework, the visual features of sign language 
are extracted through a visual network. Does the visu-

Model MM- 
Adaptor

Activation 
Function ROUGE BLEU4

SL-LLa-
MA-7B

Linear None 40.63 18.48

MLP None 40.07 18.06

MLP GELU 45.87 20.86

SL-LLa-
MA-13B

Linear Linear 41.59 20.42

MLP MLP 40.15 19.74

MLP MLP 49.34 23.73

Table 3
The effective of MM-Adaptor on PHOENIX-2014T test set.

al feature of sign language videos significantly impact 
the effectiveness of sign language translation? Inspired 
by SL-Transformer [5] and Ref [15], we employ a pre-
trained Inception network [28] as the visual encoder. 
In the ablation experiment, we replace the visual en-
coder with models pre-trained only on image data-
sets like ImageNet. We select classical models such 
as ResNet, EfficientNet (CNN-based), ViT-base, and 
Swin-Transformer (attention-based) as visual encod-
ers. Each model was configured with an MM-Adaptor 
to ensure that the final input feature dimension to the 
LLM is 4096. It is important to note that the entire 
model training process followed the procedure de-
picted in Figure 3, and the visual backbone network is 
frozen during the training.
The experimental results are shown in Table 5 and 
Figure 5, indicating that Transformer-based visual 

Model MM-Adaptor Word Embedding LLM ROUGE BLEU4

SL-LLaMA-7B

P O O 36.13 15.95

P P O 37.82 16.12

P P P 45.87 20.86

SL-LLaMA-13B

P O O 37.76 16.52

P P O 38.93 16.42

P P P 49.34 23.73

Table 4
The effective of the trainable parameters on PHOENIX-2014T test set. “P” denotes that the parameters are trainable. “O” 
denotes that the parameters are frozen.

Figure 5
The ROUGE and BLEU4 scores of SL-LLaMA with 
different visual backbone.

  

“” denotes that the parameters are frozen. 

Model MM-Adaptor 
Word 

Embedding LLM ROUGE BLEU4 

SL-LLaMA-7B 

   36.13 15.95 

   37.82 16.12 

   45.87 20.86 

SL-LLaMA-13B 

   37.76 16.52 

   38.93 16.42 

   49.34 23.73 

 

4.3.3 The Impact of Vision Encoder on LLM 

In this framework, the visual features of sign 
language are extracted through a visual network. 
Does the visual feature of sign language videos 
significantly impact the effectiveness of sign language 
translation? Inspired by SL-Transformer [5] and 
Ref [15], we employ a pre-trained Inception 
network [28] as the visual encoder. In the 
ablation experiment, we replace the visual 
encoder with models pre-trained only on image 
datasets like ImageNet. We select classical 
models such as ResNet, EfficientNet (CNN-
based), ViT-base, and Swin-Transformer 
(attention-based) as visual encoders. Each model 
was configured with an MM-Adaptor to ensure 
that the final input feature dimension to the LLM 
is 4096. It is important to note that the entire 
model training process followed the procedure 
depicted in Figure 3, and the visual backbone 
network is frozen during the training. 

The experimental results are shown in Table 5 
and Figure 5, indicating that Transformer-based 
visual networks outperformed CNN structures, 
particularly the Swin Transformer series. Aside 
from more extensive pre-training, one possible 
reason is that self-attention architectures have 
advantages in handling global features, 
demonstrating a stronger ability to understand 
high-level semantics, which is suitable for 
complex tasks. The result of this ablation 
experiment is consistent with the findings of Ref 
[5], which used a small-scale model with a 
classical encoder-decoder Transformer for sign 
language translation. Therefore, this experiment 
also suggests that fine-tuning the whole visual 
encoder during the pre-training phase appears to 
be necessary when training more general 
multimodal large models. 

 

Figure 5 

The ROUGE and BLEU4 scores of SL-LLaMA with 
different visual backbone. 

 
4.3.4 The Effectiveness of Local Transformer 
Network 

To evaluate the contribution of the Local 
Transformer Network (LTN) in modeling 
temporal dependencies within sign language 
videos, we conduct the experiment by remove 
this component from the SL-LLaMA. As Table 6 
shown, the results demonstrate the impact of the 
LTN across two benchmarks. In all the datasets, 
removing the LTN leads to varying degrees of 
decrease. This highlights the importance of 
temporal sequence modeling in capturing 
nuanced grammatical and semantic transitions 
inherent in sign language. This perspective is 
also supported by Sign2GPT, which emphasizes 
the spatiotemporal representation of sign 
language, and employs a pseudo-glosses 
strategy to enhance the vision encoder, achieving 
outstanding results. Specifically, the BLEU4 
scores for SL-LLaMA-7B and 13B decrease by 
1.59 and 2.3 on Phoenix-2014T, respectively. 
Conversely, the impact on the CSL-Daily dataset 
is less pronounced, with BLEU4 declining by 
only 0.35 and 0.08. We believe this result is due 
to the relatively lower baseline scores on the 
Phoenix dataset, which diminishes the noticeable 
impact of the LTN. However, the observed trend 
still demonstrates that the LTN is effective and 
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networks outperformed CNN structures, particu-
larly the Swin Transformer series. Aside from more 
extensive pre-training, one possible reason is that 
self-attention architectures have advantages in han-
dling global features, demonstrating a stronger abili-
ty to understand high-level semantics, which is suit-
able for complex tasks. The result of this ablation 
experiment is consistent with the findings of Ref [5], 
which used a small-scale model with a classical en-
coder-decoder Transformer for sign language trans-
lation. Therefore, this experiment also suggests that 
fine-tuning the whole visual encoder during the 
pre-training phase appears to be necessary when 
training more general multimodal large models.

4.3.4. The Effectiveness of Local Transformer 
Network
To evaluate the contribution of the Local Trans-
former Network (LTN) in modeling temporal de-
pendencies within sign language videos, we conduct 
the experiment by remove this component from the 

Model Loc. Trans. Net.
Phoenix-2014T CSL-Daily

ROUGE BLEU4 ROUGE BLEU4

SL-LLaMA-7B
w/o 41.16 19.27 38.86 11.42

w 45.87 20.86 38.29 11.77

SL-LLaMA-13B
w/o 47.66 21.43 41.39 13.34

w 49.34 23.73 41.96 13.42

Table 6
The results of utilization of local Transformer network on SLT.

Table 5
The performance of various visual backbones in SL-LLaMA-7B on PHOENIX-2024T test set.

Visual Backbone Type #Params Hidden dims ROUGE BLEU4

ResNet-32 CNN 21.8M 512 37.06 16.81

ResNet-50 CNN 25.56M 2048 37.31 17.13

EfficientNet-B3 CNN 12M 1536 38.76 17.21

EfficientNet-B7 CNN 66M 2560 39.01 17.59

ViT-B/16 Self-Attention 86M 768 38.04 18.36

Swin-S Self-Attention 50M 768 39.72 19.17

Swin-B Self-Attention 88M 1024 40.41 19.42

SL-LLaMA. As Table 6 shown, the results demon-
strate the impact of the LTN across two bench-
marks. In all the datasets, removing the LTN leads 
to varying degrees of decrease. This highlights the 
importance of temporal sequence modeling in cap-
turing nuanced grammatical and semantic transi-
tions inherent in sign language. This perspective is 
also supported by Sign2GPT, which emphasizes the 
spatiotemporal representation of sign language, and 
employs a pseudo-glosses strategy to enhance the 
vision encoder, achieving outstanding results. Spe-
cifically, the BLEU4 scores for SL-LLaMA-7B and 
13B decrease by 1.59 and 2.3 on Phoenix-2014T, re-
spectively. Conversely, the impact on the CSL-Daily 
dataset is less pronounced, with BLEU4 declining 
by only 0.35 and 0.08. We believe this result is due to 
the relatively lower baseline scores on the Phoenix 
dataset, which diminishes the noticeable impact of 
the LTN. However, the observed trend still demon-
strates that the LTN is effective and essential to the 
overall framework.
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4.3.5. Generalization of Different LLM Backbones
The experiment demonstrates the strong capabil-
ities in gloss-free SLT tasks of our proposed mod-
el framework. While the LLaMA series has shown 
promising results in this context, exploring the ef-
fects of using different LLMs as the backbone is cru-
cial to validate the framework's generalization abil-
ity, scaling, and robustness. This section evaluates 
the framework with various LLMs, analyzing the im-
pact on translation performance and the suitability.
To evaluate the generalization of proposed framework, 
we replace the original LLaMA with five alternative 
pre-trained LLMs: Vicuna1, Mistral2, Qwen2-7B-In-
struct3, DeepSeek4, and Chinese-LLaMA5, each con-
figured with 7 billion parameters. These models are 
selected for their diverse pre-training datasets and 
linguistic capabilities, and all of them are the main-
stream LLMs. Other components of the framework, 
including the visual encoder and MM-Adaptor, re-
main unchanged to ensure experimental consistency. 
Table 7 presents the experimental results for each 
LLM backbone. Overall, various LLMs achieve com-
petitive results, validating the framework's adapt-
ability. The proposed SLT framework maintains 
stable performance across all LLMs, demonstrating 
its ability to generalize without substantial modifica-
tion. This highlights its potential for broader multi-
modal applications. More specifically, on the Phoenix 
benchmark, Vicuna achieves a higher BLEU4 score, 
while Mistral obtains better ROUGE. This indicates 

  1 https://huggingface.co/lmsys/vicuna-7b-v1.5
  2 https://huggingface.co/mistralai/Mistral-7B-Instruct-v0.3
  3 https://huggingface.co/Qwen/Qwen2-7B-Instruct
  4 https://huggingface.co/deepseek-ai/deepseek-llm-7b-chat
  5 https://huggingface.co/hfl/chinese-llama-2-7b

Pretrained LLM #Param
Phoenix-2014T CSL-Daily

ROUGE BLEU4 ROUGE BLEU4

Vicuna 7B 43.54 21.17 37.72 10.03

Mistral 7B 44.21 20.95 36.85 11.14

Qwen2 7B 42.87 20.64 40.17 12.96

DeepSeek 7B 43.15 19.34 39.26 12.32

Chinese-LLaMA 7B 43.28 20.03 41.17 13.16

Table 7
The results of using various pre-trained LLM as backbone.

that in SLT task, Vicuna-based models are more 
adapted at phrase-level alignment, whereas Mis-
tral-based model excels in capturing global semantic 
consistency. In addition, the BLEU4 score of Vicu-
na-base model surpasses that of SL-LLaMA, likely 
due to Vicuna's extended pretraining beyond the 
LLaMA, resulting in a stronger foundational model.
On the other hand, we observe language dependen-
cy in SLT task. Due to difference in training corpus 
and linguistic biases, the Chinese proficiency of Vi-
cuna and Mistral is relatively weaker, leading to no-
ticeable performance gaps compared to other LLMs 
on Chinese sign language translation benchmark, 
CSL-Daily. This observation suggests that the fun-
damental model's capabilities can have varying im-
pacts on specific tasks, depending on the linguistic 
and contextual requirements.

4.3.6. Sensitivity Analysis of Hyperparameters
To validate the robustness and empirical effective-
ness of our hyperparameter choices, we conduct a 
sensitivity analysis on two critical parameters: the 
LoRA rank used for efficient adaptation of the LLM, 
and the window size used in the Local Transformer 
Network (LTN) for video temporal modeling.
The LoRA rank determines the dimensionality of the 
low-rank matrices used for injecting task-specific 
knowledge into the frozen LLM. We test ranks of 4, 8, 
16, and 32. As shown in Table 8, when the rank is set 
as 8, achieving a BLEU4 score of 20.86 and a ROUGE 
score of 45.87. While higher ranks such as 16 and 32 
yield similar or slightly fluctuating results, they do 
not produce consistent improvements. For instance, 
BLEU4 slightly decreased at rank=32 compared to 
rank=16. This suggests that higher-rank matrices 
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may introduce parameter redundancy without clear 
performance gains. In contrast, rank=8 provides 
a good trade-off between performance and train-
ing efficiency, consistent with findings in prior Lo-
RA-based instruction tuning studies.
We also tested different window sizes in the self-at-
tention mechanism of the LTN: 4, 8, 12, and 16. As 
shown in Table 9, window size=8 achieved the best 
overall results, which aligns with our empirical 
observation that the average ratio between video 
frames and text tokens is approximately 8:1. Small-
er windows (size=4) limit contextual scope and un-
derutilize temporal semantics, leading to reduced 
performance. Conversely, larger windows (12 or 
16) result in performance degradation, especially in 
BLEU4, which we attribute to semantic interference 
from adjacent sign gestures. Overly wide attention 
may include visually similar but semantically dis-
tinct signs, reducing the model’s ability to extract 
discriminative features.

5. Conclusion
This paper proposes a framework for sign lan-
guage translation based on Large Language Models 
(LLMs). By employing the Alignment-SFT training 
strategy and LoRA fine-tuning, the model gains the 
ability to understand visual grammar and generate 
high-quality text. The model is relatively versatile 
and can be easily adapted to other vision-to-text 
tasks. In this framework, we examined the impact 
of key model components on multimodal tasks. Ex-
perimental results demonstrate that high-perfor-
mance LLMs inherently possess the capability to 
understand multimodal information, inspiring fu-
ture research on multimodal large models and data 
alignment tasks. Beyond sign language translation, 

the SL-LLaMA framework has potential for various 
multimodal applications, including video caption-
ing, gesture-based command understanding, and 
instruction-driven video reasoning. Its modular de-
sign allows adaptation to different tasks requiring 
vision-language alignment under low-resource or 
instruction-following settings.

6. Limitations and Future Work
While SL-LLaMA demonstrates strong performance 
on benchmark sign language translation tasks, sever-
al limitations remain. First, the current framework 
relies primarily on manual visual features and does 
not incorporate non-manual signals such as facial ex-
pressions, gaze, or mouthing, which are essential for 
sign grammar. Future work will explore multi-stream 
encoding to enrich the visual representation.
Second, although the model generalizes well to two 
different sign languages, further investigation is need-
ed to extend SL-LLaMA to broader multilingual sce-
narios. We plan to leverage instruction-based prompt-
ing, domain adaptation, and post-training strategies 
such as reinforcement learning from human feedback 
(RLHF) to enhance cross-lingual performance.
Finally, real-world testing with the deaf and hard-
of-hearing community has not yet been conducted 
due to logistical constraints. Collaborations with 
accessibility experts and end users are planned to 
validate the system in practical settings and guide 
human-centered refinements.
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Model LoRA rank ROUGE BLEU4

SL-LLaMA-7B

4 44.39 18.48

8 45.87 20.86

16 45.36 20.98

32 45.79 20.07

Table 8
Effect of different LoRA ranks on PHOENIX-2014T test set.

Table 9
Effect of different Window sizes on PHOENIX-2014T test set.

Model Window Size ROUGE BLEU4

SL-LLaMA-7B

4 44.45 19.64

8 45.87 20.86

12 43.73 20.02

16 44.16 19.42
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