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 1. Introduction 

1.1 The Challenge of Clinical Communication 

Equitable access to healthcare is a fundamental human right, yet significant disparities persist for 

minority populations, particularly the deaf and hard-of-hearing community. The initial point of contact 

in any hospital or acute care setting is the medical intake interview, a highly structured dialogue 

designed to elicit critical information regarding a patient's chief complaint, medical history, allergies, 

and current medications. During this pivotal encounter, precise communication is paramount, as 

misunderstandings can lead to misdiagnoses, inappropriate treatments, and severe adverse events. For 

patients who communicate primarily through sign language, the intake process is frequently fraught 

with systemic barriers [1]. Healthcare facilities typically rely on professional on-site or remote video 

interpreters to bridge the linguistic divide. While human interpreters provide the highest standard of 

conversational nuance and cultural competency, their immediate availability is rarely guaranteed, 

especially during emergency admissions, overnight shifts, or in rural healthcare facilities. 
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constrained by availability, high costs, and privacy concerns, particularly in urgent or sensitive 

clinical scenarios. Recent advancements in automated sign language translation offer a promising 

alternative; however, deploying these systems in hospital environments introduces severe domain 

shifts. Clinical settings are characterized by complex visual backgrounds, unpredictable lighting 

conditions, occlusion from medical equipment, and varying patient postures, which collectively 

degrade the performance of standard translation models. This paper proposes a comprehensive 

framework for hospital sign-dialogue translation integrated with visual prompt adaptation to 

mitigate these environmental challenges. By injecting learnable visual prompts into the encoding 

phase of a transformer-based translation architecture, the system dynamically recalibrates its 

spatial-temporal focus, effectively filtering out extraneous clinical noise while preserving fine-

grained manual and non-manual sign features. The proposed approach specifically targets the 

intake interview domain, modeling multi-turn dialogues to contextualize isolated signs within 

broader clinical narratives. Extensive evaluations on a specialized clinical sign language dataset 

demonstrate that visual prompt adaptation significantly improves translation accuracy, robustness, 

and clinical utility compared to traditional baseline models. The findings indicate that tailored 

multimodal architectures can successfully bridge the communication gap in acute care settings, 

facilitating equitable healthcare access and improving diagnostic accuracy for marginalized patient 

populations. 
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 Consequently, medical staff often resort to inadequate alternatives, such as relying on untrained family 

members, utilizing improvised gestures, or conducting written exchanges, which are highly inefficient 

and prone to catastrophic errors due to differences in health literacy and the fundamental grammatical 

divergences between spoken and sign languages.  The integration of artificial intelligence into clinical 

workflows has the potential to democratize healthcare access by providing scalable, instantaneous 

translation services. Automated sign language translation systems have evolved significantly in recent 

years, transitioning from rigid, vocabulary-limited classifiers to sophisticated neural architectures 

capable of generating continuous text from video inputs [2]. Despite these advancements, translating 

sign language in a clinical context introduces unique challenges that extend beyond basic linguistic 

mapping. A medical intake interview is inherently a multi-turn, context-dependent dialogue rather than 

a series of isolated sentences. The translation system must not only decode the immediate manual 

gestures and facial expressions of the patient but also contextualize these signals within the ongoing 

clinical conversation. Furthermore, the physical environment of a hospital introduces a severe degree 

of visual complexity that standard translation models, typically trained in controlled studio 

environments, are ill-equipped to handle [3]. Addressing this gap requires the development of 

specialized translation frameworks that can operate robustly within the unpredictable and visually noisy 

domain of healthcare facilities. 

1.2 Limitations of Current Translation Frameworks 

Contemporary sign language translation architectures predominantly rely on deep learning paradigms, 

specifically spatial-temporal convolutional neural networks combined with transformer-based 

sequence-to-sequence models. These systems extract visual features from successive video frames and 

subsequently decode these representations into written language. While this methodology has achieved 

remarkable success on standardized benchmark datasets, its transition to real-world clinical 

applications has been severely limited by a phenomenon known as domain shift. Standard datasets are 

generally recorded under optimal conditions, featuring uniform lighting, static camera angles, plain 

backgrounds, and subjects standing in clear view [4]. In stark contrast, a hospital room is visually 

chaotic. Lighting conditions vary drastically depending on the time of day, the presence of diagnostic 

monitors, and fluorescent overhead fixtures. Patients may be positioned in hospital beds, seated in 

wheelchairs, or partially obscured by medical tubing, intravenous stands, or hospital gowns, all of 

which alter the visual appearance of their anatomical features and the spatial execution of their signs.  

When a model trained on idealized data is deployed in such an environment, the performance degrades 

precipitously. The spatial-temporal encoders become entangled with irrelevant background 

information, such as the movement of medical personnel or the flashing of physiological monitors, 

misinterpreting these visual artifacts as semantic components of the sign language sequence [5]. 

Furthermore, standard fine-tuning approaches, which attempt to retrain the entire network on domain-

specific data, are often computationally prohibitive and prone to catastrophic forgetting, whereby the 

model loses its generalized linguistic capabilities while attempting to memorize the visual 

idiosyncrasies of the hospital environment. This highlights the necessity for a more efficient and 

targeted adaptation mechanism that can align the visual representations of the clinical environment with 

the linguistic knowledge embedded within the pre-trained translation model without requiring 

extensive retraining.  

1.3 Introduction to Visual Prompt Adaptation 

To overcome the challenges associated with domain shift in hospital environments, this paper 

introduces the integration of visual prompt adaptation into the sign-dialogue translation pipeline. The 

concept of prompting originated in the field of natural language processing, where specific text 

instructions are appended to input queries to guide the behavior of massive language models. Recently, 

this paradigm has been adapted for computer vision and multimodal tasks [6]. Visual prompting 

involves introducing a small number of learnable parameters, or prompts, directly into the input space 

or the intermediate feature representations of a vision model. Rather than updating the millions of 

parameters within the core encoder network, the system freezes the pre-trained architecture and 

optimizes only these specific prompt parameters during the domain adaptation phase.  In the context of 
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 hospital sign-dialogue translation, visual prompts serve as a dynamic recalibration mechanism. By 

learning the specific visual characteristics of the clinical environment, the prompts effectively instruct 

the spatial-temporal encoder to suppress irrelevant background noise, such as medical equipment and 

complex lighting, and to amplify the salient features of the patient's manual and non-manual 

articulators. This approach allows the translation system to maintain its broad linguistic competence 

while becoming highly resilient to the visual perturbations inherent to intake interviews [7]. This paper 

details the architectural design, implementation, and rigorous evaluation of a visual prompt-adapted 

sign-dialogue system, demonstrating its efficacy in processing context-heavy clinical interviews under 

realistic, visually degraded hospital conditions. 

2. Literature Review 

2.1 Evolution of Sign Language Translation 

The computational analysis of sign language has a rich history, evolving through several distinct 

methodological eras. Early attempts at automated sign recognition relied heavily on handcrafted 

features and traditional machine learning algorithms, such as Hidden Markov Models and Support 

Vector Machines [8]. These foundational systems were largely restricted to isolated sign recognition, 

wherein the system identified single, pre-segmented vocabulary items from a highly constrained 

lexicon. While these models demonstrated the theoretical feasibility of automated recognition, their 

reliance on rigid feature engineering and their inability to process continuous, unsegmented sequences 

rendered them impractical for natural conversational applications. The advent of deep learning 

catalyzed a paradigm shift in the field, moving the focus from isolated recognition to continuous sign 

language translation. Continuous translation is a significantly more complex task, requiring the system 

to not only segment a continuous stream of gestures into discrete linguistic units but also to model the 

complex syntactic and grammatical structures that govern how these units combine to form meaningful 

sentences [9]. Initial deep learning approaches utilized two-stream convolutional neural networks to 

capture both spatial appearance and temporal motion, feeding these features into recurrent neural 

networks for sequence modeling. More recently, the field has universally adopted transformer 

architectures, which leverage self-attention mechanisms to capture long-range dependencies within 

both the video input sequence and the text output sequence. These transformer-based models have 

established new state-of-the-art benchmarks on large-scale datasets, demonstrating an unprecedented 

ability to generate fluid and grammatically correct translations. However, the vast majority of this 

literature focuses on generalized language domains, such as weather forecasts or daily news, with 

minimal exploration into highly specialized and high-stakes domains such as clinical communication 

[10].  

2.2 Clinical Dialogue Systems and Multimodal AI 

While general-purpose translation models have matured, the specific requirements of clinical dialogue 

remain under-researched in the context of visual languages. Medical intake interviews are not a 

collection of independent statements; they constitute a cohesive dialogue where the meaning of any 

single utterance is heavily dependent on the preceding conversational context. For instance, a patient 

signing a location on their body or indicating a specific intensity level must be interpreted in direct 

relation to the physician's prior question regarding the site or severity of pain [11]. In spoken language 

processing, clinical dialogue systems have seen widespread adoption, utilizing advanced natural 

language processing techniques to automatically transcribe medical interviews, extract key clinical 

concepts, and populate electronic health records.  Extending these capabilities to sign language requires 

a sophisticated multimodal framework capable of processing both the visual linguistic input from the 

patient and the text or speech history of the healthcare provider. Existing research on sign language 

dialogue is sparse, largely due to the lack of annotated multi-turn datasets [12]. The few studies that 

have attempted to model interactive sign communication have typically focused on rudimentary 

question-answering scenarios in controlled settings. To effectively support an intake interview, a 

translation system must incorporate a dialogue management module that maintains a persistent 

conversational state, allowing the translation decoder to condition its text generation not only on the 

immediate visual features but also on the cumulative dialogue history. This integration of multimodal 
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 input is essential for resolving ambiguities and ensuring that the generated translations accurately 

reflect the specialized vocabulary and pragmatic nuances of medical discourse. 

2.3 The Mechanics of Visual Prompting 

The integration of prompting mechanisms into computer vision represents one of the most significant 

recent advancements in efficient model adaptation. Traditional transfer learning typically involves fine-

tuning the later layers of a pre-trained network or updating the entire network architecture using a 

domain-specific dataset [13]. While effective, full fine-tuning is computationally expensive and 

frequently leads to overfitting, particularly when the target domain dataset is small, as is common in 

specialized medical applications. Visual prompting offers a highly parameter-efficient alternative. 

Inspired by the success of text prompts in directing the outputs of large language models, researchers 

have developed analogous techniques for continuous visual representations. Visual prompts can be 

implemented in several ways. Pixel-level prompting involves adding learnable, visually imperceptible 

perturbations directly to the input image or video frames, essentially guiding the network's attention 

prior to feature extraction [14]. Alternatively, feature-level prompting involves injecting learnable 

embeddings, or prompt tokens, directly into the intermediate layers of a vision transformer or 

convolutional network. During the training phase, the weights of the massive pre-trained backbone 

model are strictly frozen, and only the small set of prompt parameters is updated using the target domain 

data. This mechanism forces the prompts to learn the specific transformations required to bridge the 

gap between the source domain on which the model was initially trained and the new target domain 

[15]. In the context of visual noise, prompts act as dynamic filters, suppressing irrelevant contextual 

features and enhancing target-specific signals.  

2.4 Addressing Domain Shift in Healthcare Environments 

The application of visual prompting to the specific problem of domain shift in healthcare environments 

remains a novel frontier. Hospitals present one of the most challenging visual domains for any computer 

vision system due to extreme variability and high levels of occlusion [16]. Previous attempts to deploy 

action recognition or gesture tracking systems in clinical settings have struggled significantly with 

interference from complex backgrounds and non-standard patient positioning. Standard mitigation 

strategies have traditionally relied on aggressive data augmentation, artificially adding noise or altering 

the backgrounds of training images to force the model to learn invariance. However, data augmentation 

cannot adequately simulate the complex, three-dimensional occlusions and dynamic lighting changes 

present in an actual emergency department or intake ward. By adopting visual prompt adaptation, the 

proposed framework bypasses the limitations of data augmentation. Instead of attempting to artificially 

expand the training distribution, the system utilizes the prompt tokens to directly map the complex 

visual features of the hospital environment into the semantic space already understood by the pre-

trained translation model. This ensures that when a patient signs from a hospital bed, partially covered 

by medical equipment, the prompt tokens recalibrate the spatial-temporal features, effectively stripping 

away the clinical noise before the data reaches the sensitive language decoding modules. This focused 

review of the literature demonstrates a clear trajectory from isolated sign recognition to the necessity 

of efficient adaptation mechanisms, providing the foundational rationale for the integrated hospital 

sign-dialogue architecture detailed in the subsequent methodology. 

3. Methodology 

3.1 Overall System Architecture 

The proposed hospital sign-dialogue translation framework is constructed as an end-to-end multimodal 

neural architecture designed to process raw video input of a patient signing and generate accurate, 

context-aware text translations of their clinical responses. The architecture is primarily composed of 

three interconnected modules: a spatial-temporal visual encoder, a visual prompt adaptation layer, and 

a dialogue-aware transformer decoder. The system operates on a multi-turn conversational structure. 

At each dialogue turn, the system receives a continuous video sequence capturing the patient's manual 

gestures, facial expressions, and upper-body posture. This raw video feed is initially processed by the 

spatial-temporal encoder, which is built upon a pre-trained Vision Transformer backbone. The Vision 

Transformer divides each video frame into non-overlapping patches, flattens them, and projects them 

file:///C:/Users/Ahmad/Downloads/2415-5934
https://jcphs.com/


188 

 

  

VOL. 6 ISSUE. 1( 2026) E- 2415-5934 https://jcphs.com   

 into a sequence of continuous feature embeddings. Temporal relationships across consecutive frames 

are captured through self-attention mechanisms applied across the temporal dimension, ensuring that 

the dynamic motion of the signs is accurately preserved [17]. 

Crucially, the standard Vision Transformer is not solely responsible for feature extraction. The visual 

prompt adaptation module is tightly integrated into the encoder's architecture. Rather than passing the 

raw patch embeddings directly through the transformer blocks, the system prepends a set of highly 

specialized, learnable prompt tokens to the sequence of visual embeddings at multiple layers of the 

network. Following the encoding phase, the adapted visual representations are forwarded to the 

dialogue-aware transformer decoder. This decoder differs from standard translation decoders by 

incorporating a contextual memory module. The memory module stores the semantic representations 

of the preceding dialogue turns, such as the initial questions posed by the triage nurse or physician. 

When generating the translation for the current video sequence, the decoder attends not only to the 

adapted visual features but also to the accumulated dialogue history, ensuring that the generated text is 

pragmatically appropriate for the ongoing medical interview. 

3.2 Visual Prompt Adaptation Mechanism 

The core innovation of the proposed methodology lies in the sophisticated implementation of the visual 

prompt adaptation mechanism, designed specifically to counter the severe visual degradation typical of 

hospital intake settings. The mechanism utilizes deep feature-level prompting, which introduces 

learnable parameters at multiple intermediate layers of the spatial-temporal encoder rather than solely 

at the input level. This deep prompting strategy allows the system to guide the feature extraction process 

progressively, correcting for environmental noise at various levels of semantic abstraction.  Let the 

visual encoder consist of multiple sequential transformer blocks. For a given video sequence, the input 

to the first block is a combination of the flattened image patches and standard positional embeddings. 

In the proposed adapted architecture, a fixed number of continuous prompt embeddings are 

concatenated to the beginning of the patch sequence. As the sequence propagates through the attention 

mechanisms of the transformer block, the prompt tokens interact with the image patch tokens. Because 

the pre-trained weights of the transformer are frozen, the learning process forces the prompt tokens to 

act as contextual anchors. During the forward pass, the attention heads learn to route information 

through these prompt tokens, effectively utilizing them to filter out the high-frequency visual noise 

associated with the hospital background, such as the complex textures of hospital gowns or the 

structural lines of medical machinery [18].  To optimize these prompts for the clinical domain, the 

system undergoes a targeted adaptation phase utilizing a specialized dataset of medical sign language 

interactions recorded in simulated hospital environments. During this phase, a supervised loss function 

compares the generated translation output with the ground-truth clinical text. The gradients are 

backpropagated through the frozen decoder and encoder layers, exclusively updating the prompt 

parameters. This highly constrained optimization landscape prevents the model from overriding its 

foundational linguistic knowledge, ensuring that the complex grammatical mappings learned from 

massive, general-purpose sign language datasets remain intact. The result is a highly efficient 

adaptation process that requires a fraction of the computational resources of full fine-tuning while 

achieving superior robustness to domain shift. 

3.3 Dialogue Modeling for Medical Intake 

Translating a medical intake interview necessitates a departure from sentence-level processing toward 

comprehensive dialogue modeling. A standard intake interview follows a semi-structured format, 

typically beginning with identifying the chief complaint, followed by a history of present illness, a 

review of past medical history, and an inventory of current medications and allergies. The linguistic 

structure of sign language frequently relies on spatial referencing and omission of pronouns when the 

subject is contextually understood from a previous turn. If a translation model processes a patient's 

response in isolation, it is highly susceptible to generating ambiguous or entirely incorrect clinical 

information. To address this, the proposed architecture incorporates a dialogue management paradigm 

within the transformer decoder. The decoder is structured to accept dual inputs: the adapted visual 

feature sequence from the current patient response and a text-based context vector representing the 
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 preceding dialogue history. The dialogue history is constructed by passing the previous clinical 

questions and translated responses through a pre-trained clinical language model, generating a dense, 

semantic representation of the conversation state. Within the decoder blocks, a cross-attention 

mechanism is employed to fuse these two modalities [19]. The decoder first attends to the visual 

features to identify the core linguistic components of the current sign sequence. Subsequently, a 

secondary attention layer aligns these visual concepts with the clinical context vector. This allows the 

model to resolve spatial references and contextual omissions accurately. For example, if the physician 

asks about the duration of symptoms and the patient signs a numerical value, the dialogue-aware 

decoder leverages the context vector to accurately translate the sign as "for three days" rather than a 

disconnected number, seamlessly integrating the response into the structured clinical narrative. 

3.4 Data Collection and Preprocessing 

The development and evaluation of the proposed system required the compilation of a specialized 

dataset, as existing sign language corpora do not adequately represent either the medical domain or the 

visual characteristics of a hospital environment. The dataset was constructed through a rigorous 

simulation process involving fluent sign language users acting as patients in a mocked-up clinical intake 

setting. The physical environment was deliberately designed to replicate the visual complexity of an 

emergency department triage bay, complete with varying overhead lighting, standard hospital beds, 

vital sign monitors, and typical medical obstructions. The participants were provided with standardized 

clinical scenarios, ranging from acute trauma and respiratory distress to routine medical history updates, 

and were recorded engaging in multi-turn intake interviews with an individual acting as the medical 

provider. 
Table 1: Dataset Statistics for the Clinical Sign-Dialogue Corpus 

Dataset Characteristic Source Domain (General) Target Domain 

(Clinical Intake) 

Environment Studio / Controlled Simulated Hospital 

Room 

Total Videos 35,000 4,500 

Average Sequence Duration 4.2 seconds 6.8 seconds 

Vocabulary Size 8,500 distinct signs 1,200 specialized 

signs 

Dialogue Turns per Session N/A (Isolated) 5 - 8 turns 

Visual Occlusion Rate < 2% ~35% 

The recorded videos underwent extensive preprocessing to ensure compatibility with the spatial-

temporal encoder. Each video sequence was standardized to a fixed frame rate and resized to optimal 

dimensions. To prevent the model from memorizing specific individuals, the participants wore varying 

styles of hospital attire, and recordings were taken from multiple camera angles, simulating the 

unpredictable positioning of medical translation hardware, such as rolling tablet stands or fixed wall 

cameras [20]. The corresponding text annotations were meticulously structured to capture the multi-

turn nature of the dialogue, with explicit markers delineating the provider's questions and the patient's 

corresponding responses. This highly specialized clinical corpus serves as the foundational data for the 

visual prompt adaptation phase, providing the necessary environmental and contextual signals required 

to train the dynamic filtering mechanisms of the prompt tokens. 

4. Results and Analysis 

4.1 Evaluation of Translation Accuracy 

The efficacy of the proposed hospital sign-dialogue translation framework was rigorously evaluated 

using standard machine translation metrics, alongside specialized assessments designed to measure 

clinical utility. The primary quantitative metrics employed included BLEU scores, which measure the 

n-gram overlap between the generated translation and the reference text, ROUGE scores, which assess 

recall and structural coherence, and Word Error Rate (WER), a critical metric for determining the raw 

accuracy of the clinical information conveyed. The evaluation compared the proposed visual prompt 

adaptation architecture against several robust baselines, including a standard spatial-temporal 
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 transformer without domain adaptation, and a model subjected to traditional full-network fine-tuning 

on the clinical dataset.  
Table 2: Comparative Experimental Results on the Clinical Intake Dataset 

Model 

Architecture 

BLEU-1 BLEU-4 ROUGE-L Word 

Error 

Rate 

(WER) 

Baseline (No 

Adaptation) 

34.2 12.5 38.4 62.1% 

Baseline + Full 

Fine-Tuning 

41.5 18.2 45.1 51.3% 

Proposed Model 

(No Dialogue 

Context) 

48.3 24.6 52.8 40.5% 

Proposed Model 

(Full 

Architecture) 

55.7 31.4 61.2 28.7% 

The empirical results, as detailed in Table 2, demonstrate a profound improvement in translation 

performance when utilizing the visual prompt adaptation strategy. The standard baseline model, trained 

exclusively on generalized, studio-quality data, exhibited a catastrophic failure rate when deployed in 

the simulated hospital environment, characterized by a highly elevated Word Error Rate. This severe 

degradation underscores the devastating impact of domain shift, as the baseline model consistently 

hallucinated signs based on visual artifacts from the clinical background. Full fine-tuning provided a 

marginal improvement, but the model rapidly overfit the small clinical dataset, compromising its 

foundational syntactic structures. In stark contrast, the proposed architecture equipped with visual 

prompt adaptation significantly outperformed all baselines. By effectively filtering the visual input 

through the learned prompt embeddings, the model achieved a substantial reduction in Word Error Rate 

and dramatic increases in BLEU and ROUGE scores, confirming the hypothesis that parameter-

efficient prompting is superior to full-network retraining for complex visual domain adaptation [21].  

4.2 Impact of Visual Prompting and Dialogue Context 

The synergistic effects of visual prompt adaptation and dialogue context modeling are the primary 

drivers of the system's enhanced performance. An ablation study was conducted to isolate the 

contribution of each module. When the dialogue context module was disabled, the model relied solely 

on the visual prompt adaptation for domain robustness. While this configuration still achieved higher 

accuracy than the traditional fine-tuning approach, it frequently produced clinically ambiguous 

statements, particularly during sequences involving spatial referencing or severity scales. The 

reintroduction of the dialogue context module, which integrated the prior conversational history, 

resolved these ambiguities, demonstrating that accurate clinical translation requires both visual clarity 

and pragmatic context.  
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Figure 1: Comprehensive Schematic of Visual Prompt Adaptation in Hospital Sign 

The mechanism by which the visual prompts achieve this clarity is deeply analytical. By analyzing the 

attention maps generated by the spatial-temporal encoder during the processing of highly occluded 

clinical videos, it becomes evident that the prompt tokens actively guide the network's spatial focus. In 

baseline models, the attention mechanisms frequently disperse across high-contrast edges in the 

background, such as the frames of hospital beds or the reflective surfaces of monitoring equipment. In 

the adapted model, the attention remains tightly clustered around the primary articulators of the sign 

language—the hands, arms, and facial features—despite the presence of profound visual clutter. The 

learnable prompts effectively act as a dynamic semantic shield, preventing the encoder from 

incorporating irrelevant background pixels into the feature embeddings that are subsequently sent to 

the decoder. 

4.3 Qualitative Clinical Analysis and Usability 

Beyond the quantitative metrics, a qualitative analysis of the generated translations is essential for 

assessing the system's true clinical viability. In the context of a medical intake interview, certain types 

of translation errors carry significantly higher risks than others. A dropped article or minor grammatical 

error is generally inconsequential, whereas the misinterpretation of a specific symptom, medication 

name, or pain location can have severe diagnostic consequences. The integration of the dialogue 

management module proved highly effective in preserving clinical integrity. For example, when a 

patient signed a generic gesture for "pain" followed by a sweeping motion over the abdomen, baseline 

models frequently translated this simply as "stomach hurts." The proposed dialogue-aware system, 

processing the input in response to the provider's specific inquiry about the onset of symptoms, 

accurately generated the highly contextualized translation, "The pain in my abdomen started recently," 

successfully preserving both the location and the temporal diagnostic clue. The parameter efficiency of 

the visual prompt adaptation also yields significant usability advantages for practical deployment in 

healthcare settings. Because the vast majority of the network's weights remain frozen, the memory 

footprint required to store the domain-specific adaptations is negligible. This architectural efficiency 

allows for the potential deployment of the system on edge computing devices, such as localized hospital 

servers or even high-performance mobile tablets used during triage. By processing the video streams 

locally, the system mitigates the latency issues associated with cloud-based translation and strictly 

adheres to stringent patient data privacy regulations, as sensitive visual information does not need to 

be transmitted outside the secure hospital network. The combination of high clinical accuracy, robust 

environmental adaptability, and deployment efficiency positions this architecture as a highly practical 

tool for bridging communication gaps in critical care environments. 
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 5. Conclusion 

5.1 Summary of Contributions 

This research addressed the critical and highly complex challenge of providing accurate automated sign 

language translation within the visually chaotic and high-stakes environment of hospital intake 

interviews. By identifying domain shift as the primary obstacle preventing the deployment of state-of-

the-art generalized translation models in clinical settings, this study introduced a novel architectural 

framework grounded in multimodal visual prompt adaptation. The integration of learnable prompt 

tokens directly into the spatial-temporal encoding phase provided a highly parameter-efficient 

mechanism for mitigating severe background noise, varying lighting conditions, and occlusion from 

medical equipment. This approach successfully decoupled the requirement of learning the visual 

environment from the necessity of preserving complex linguistic mapping, preventing the catastrophic 

forgetting typically associated with full-network fine-tuning. 

Furthermore, this paper established the necessity of dialogue modeling for clinical communication. By 

incorporating a conversational memory module that conditioned the generation of text on both the 

visually adapted sign sequences and the preceding clinical context, the system transitioned from 

processing isolated utterances to managing cohesive medical narratives. The rigorous evaluation 

conducted on a specialized clinical dataset demonstrated that this combined approach yields 

unprecedented accuracy and contextual relevance, significantly reducing the Word Error Rate of 

translated symptoms and medical histories. 

5.2 Future Research Directions 

While the proposed framework demonstrates significant advancements, several avenues for future 

research remain critical for the continued evolution of clinical sign-dialogue systems. The current 

implementation relies on a simulated clinical dataset; subsequent phases must involve large-scale 

validation in active clinical environments, capturing the true unpredictability of emergency departments 

and intensive care units. Expanding the system's capabilities to process specialized sub-dialects of sign 

language and incorporating advanced facial expression tracking to better capture the nuances of pain 

and distress severity will further enhance diagnostic accuracy. Additionally, developing bi-directional 

capabilities, wherein the system not only translates the patient's signs into text but also renders the 

physician's spoken instructions into high-fidelity sign language avatars, represents the ultimate goal for 

achieving truly seamless, equitable, and instantaneous communication in healthcare settings. Continued 

interdisciplinary collaboration between medical informatics, natural language processing, and 

computer vision will be essential to realizing this vision of universally accessible clinical care. 
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