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ABSTRACT: Industrial operators need reliable communication in high-noise, safety-critical environments where
speech or touch input is often impractical. Existing gesture systems either miss real-time deadlines on resource-
constrained hardware or lose accuracy under occlusion, vibration, and lighting changes. We introduce Industrial
EdgeSign, a dual-path framework that combines hardware-aware neural architecture search (NAS) with large multi-
modal model (LMM) guided semantics to deliver robust, low-latency gesture recognition on edge devices. The searched
model uses a truncated ResNet50 front end, a dimensional-reduction network that preserves spatiotemporal structure
for tubelet-based attention, and localized Transformer layers tuned for on-device inference. To reduce reliance on gloss
annotations and mitigate domain shift, we distill semantics from factory-tuned vision-language models and pre-train
with masked language modeling and video-text contrastive objectives, aligning visual features with a shared text space.
On ML2HP and SHREC’17, the NAS-derived architecture attains 94.7% accuracy with 86 ms inference latency and about
5.9 W power on Jetson Nano. Under occlusion, lighting shifts, and motion blur, accuracy remains above 82%. For safety-
critical commands, the emergency-stop gesture achieves 72 ms 99th percentile latency with 99.7% fail-safe triggering.
Ablation studies confirm the contribution of the spatiotemporal tubelet extractor and text-side pre-training, and we
observe gains in translation quality (BLEU-4 22.33). These results show that Industrial EdgeSign provides accurate,
resource-aware, and safety-aligned gesture recognition suitable for deployment in smart factory settings.

KEYWORDS: Hand gesture recognition; spatio-temporal feature extraction; transformer; industrial Internet; edge
intelligence

1 Introduction

In high-noise manufacturing environments like automotive assembly lines and chemical plants, verbal
communication between operators is often impossible or hazardous. Hand gestures have emerged as a critical
channel for issuing equipment commands (e.g., crane movements), safety alerts (emergency stops), and
procedural guidance. Unlike general-purpose gesture systems, industrial gesture recognition must operate
under extreme conditions including mechanical vibrations, partial occlusions by machinery, and variable
lighting. With the global smart factory market projected to reach $140B by 2027, robust gesture interfaces are
essential for preventing accidents and maintaining ISO 13849 safety compliance.

With the global smart factory market projected to reach $140B by 2027, robust gesture interfaces are
essential for preventing accidents and maintaining ISO 13849-1:2015 compliance. Specifically, our system tar-
gets Performance Level d (PLd)—the minimum requirement for machinery with potential crushing/shearing
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hazards—which mandates: (1) <100 ms response time for emergency commands, (2) >99% fault detection
rate, and (3) MTTFd >100,000 h in low-demand mode [1,2].

Traditional cloud-based gesture recognition systems incur unacceptable latency (>500 ms) due to data
transmission delays, making them unsuitable for time-sensitive industrial operations where sub-100 ms
response is mandatory. Edge deployment solves this by processing video streams locally on PLCs or
helmet-mounted devices. However, industrial edge hardware (e.g., Jetson Nano, Raspberry Pi) faces severe
constraints: Computational Limits and Power Budgets. These constraints necessitate lightweight yet accurate
models impossible to achieve with conventional architectures.

Deploying gesture recognition on edge devices introduces three fundamental challenges:

(1) Architecture Inefficiency: 3D CNNs/Transformers for spatio-temporal feature extraction exceed edge
device memory capacity (typically <4 GB).

(2) Domain Gap: Pre-trained models fail to generalize to industrial gestures like “valve rotation” or
“conveyor speed adjustment” due to dissimilar motion patterns.

(3) Annotation Scarcity: Industrial gesture datasets lack gloss-level annotations, preventing effective
supervision for complex multi-stage operations.

With the advent of deep learning technology [3-6], research on isolated hand gesture recognition has
increasingly favored these advanced methods. For instance, Liu et al. [7] proposed an end-to-end hand
gesture recognition algorithm based on Long Short-Term Memory (LSTM) [8], capable of automatically
learning temporal information in hand gesture, thereby eliminating the reliance on manually designed
features. This approach offered new solutions to overcoming challenges in hand gesture recognition and
outlined future research directions for integrating more hand features to optimize the system. Huang
et al. [9] introduced a three-dimensional Convolutional Neural Network (3D-CNN) method based on an
attention model, which effectively enhanced the characterization of spatiotemporal features in hand gesture
videos by integrating attention mechanisms and multimodal information. This approach achieved excellent
recognition performance in large vocabulary hand gesture recognition tasks. Vincent et al. [10] were the
first to combine Convolutional Neural Networks (ConvNet) [11] with Long Short-Term Memory (LSTM)
Recurrent Neural Networks (ConvNet-LSTM) to construct a novel deep learning architecture, addressing the
spatiotemporal complexity in human action recognition, particularly hand gesture recognition. This com-
bination leveraged the strengths of Convolutional Neural Networks in capturing local spatial features and
the strengths of Long Short-Term Memory Recurrent Neural Networks in handling temporal dependencies,
thereby improving the recognition of complex hand gesture actions.

With the deep development of deep neural networks in the field of video representation learning,
their potential in Continuous Sign Language Recognition (CSLR) has become evident, gradually replac-
ing traditional methods as the mainstream approach [12]. Numerous researchers have actively explored
deep learning in visual feature extraction, weak supervision learning, spatiotemporal feature modeling,
and sequence alignment, driving innovation and performance improvement in continuous hand gesture
recognition technology. Recent explorations along this line include token-level robust representation learn-
ing [13], spatio-temporal graph reasoning [14], diffusion-based sequence generation [15], and visual-semantic
consistency evaluation for SLT [16]. CSLR tasks can be categorized into several main types based on the deep
learning methods employed:

(1) CSLR Based on Convolutional Neural Networks
Convolutional Neural Networks (CNNs) are primarily used to process image data, extracting spatial

features through multiple convolutional layers. In continuous hand gesture recognition, CNNs can extract
key visual features, such as gesture shapes and positions, from video frames. This approach is typically
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suitable for the initial recognition of gestures in a scene but often needs to be combined with other types
of networks to handle the temporal dynamics of hand gesture. For example, Zhao et al. [17] proposed a
method combining optical flow processing with 3D CNN to further enhance the accuracy of continuous
hand gesture recognition. Yang et al. [18] developed a Structured Feature Network (SF-Net), integrating
Long Short-Term Memory (LSTM) with 3D CNN at the frame level, creating an efficient temporal modeling
architecture. To address the alignment between video segments and text annotations, Pu etal. [19] introduced
the Soft Dynamic Time Warping (soft-DTW) algorithm, designing a novel structure based on 3D-ResNet and
encoder-decoder networks. Under the soft-DTW constraint, the alternating optimization of the 3D-ResNet
feature extractor and the encoder-decoder sequence modeling network gradually improved the quality of
sequence alignment.

(2) CSLR Based on Recurrent Convolutional Neural Networks

Recurrent Convolutional Neural Networks (RCNNs) combine the strengths of CNNs and Recurrent
Neural Networks (RNNs), making them suitable for processing video sequence data. In this approach, CNNs
are used to extract spatial features from each frame, which are then fed into RNNs to capture dynamic
information in the time series. This combination leverages the powerful image feature extraction capabilities
of CNNs and the time-series data handling strengths of RNNs, enabling the model to effectively recognize
dynamic gesture sequences in continuous hand gesture. For example, Xiao et al. [20] integrated LSTM with
attention mechanisms, constructing a spatial-temporal LSTM fusion network for continuous hand gesture
recognition, effectively combining key hand information to enhance recognition accuracy and robustness.

(3) CSLR Based on Transformers

The Transformer [21] model, particularly its self-attention mechanism, can handle long-distance
dependencies in sequence data. In continuous hand gesture recognition tasks, Transformer-based models
can simultaneously process spatial and temporal dimensions, thereby more effectively learning the complex
dependencies between gestures. This approach, through multi-head attention mechanisms, can establish
connections across the entire sequence directly, enhancing recognition accuracy and efficiency. Niu and
Mak [22] utilized 2D CNN to extract spatial features from video sequences while employing a Transformer
encoder to capture temporal features. This design simplified the model structure, reduced the number
of parameters, and improved parallel computing capabilities, thereby accelerating training and inference
speeds, achieving new optimal performance on a Chinese hand gesture recognition dataset. Varol et al. [23]
introduced a pre-trained I3D model in the hand gesture recognition process, extracting spatiotemporal visual
features through a sliding window, which were then input into a two-layer Transformer model for recognition
tasks. This method leveraged the general visual knowledge learned by the pre-trained model on large-scale
data, contributing to improved hand gesture recognition accuracy.

Sign Language Translation (SLT) can be viewed as the task of translating visual language into text.
Camgoz et al. [1] pioneered the introduction of the SLT task, distinguishing it from the traditional view of
hand gesture recognition as merely gesture recognition. They framed SLT as a Neural Machine Translation
(NMT) problem, aiming to generate spoken language translations directly from hand gesture videos while
tully considering syntactic and word order differences between languages. In their study, they not only
proposed an end-to-end solution but also released the first public continuous hand gesture translation
dataset, ML2HP [24]. This dataset includes a large number of annotated hand gesture video segments and
their corresponding spoken language translations, setting a new benchmark for SLT research.

As illustrated in Fig. 1, there are four common frameworks for hand gesture translation [25]:

(a) Sign2Gloss2Text [26]: This framework first recognizes the hand gesture video as gloss annotations and
then translates these glosses into spoken language text.
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(b)  Sign2Text: This approach directly generates spoken language text from hand gesture videos in an end-
to-end manner.

(¢) Sign2(Gloss+Text) [25]: This is a multi-task output approach that produces both gloss and text, and
can use external gloss as a supervisory signal.

(d) Gloss2Text [27]: This reflects the translation performance from gloss sequences to text.

Text Text
Encoder Decoder Encoder Decoder
Gloss Text Video Text
SLR
(a) S2G2T (b) S2T
Video
Gloss Text Text
Encoder Decoder Encoder Decoder
Video Text Gloss Text
(c) S2(G+T) @) G2T

Figure 1: Four common frameworks for hand gesture translation

Currently, the mainstream methods in hand gesture translation are translating text sentences from
hand gesture videos (Sign2Text) and recognizing hand gesture videos as gloss annotations before translating
these glosses into text sentences (Sign2Gloss2Text). However, these approaches are typically limited to a
single sign-spoken language pair. To address this limitation, MLSLT [28] proposes a unified multilingual
sign language translation framework, which leverages dynamic routing mechanisms to effectively manage
parameter sharing and language-specific representations across diverse language pairs.

End-to-end methods for generating text translations directly from hand gesture videos (Sign2Text)
aim to bypass the intermediate step of hand gesture gloss sequence processing, thereby reducing the
burden of data preprocessing. For instance, TSPNet [29] demonstrated the potential of such end-to-end
transformations. However, this approach faces significant challenges in practice, especially when handling
smaller datasets. The network must simultaneously recognize the lexical meaning and parse the gram-
matical structure of hand gesture, requiring a high level of comprehensive understanding that exceeds
the capabilities of networks supported by limited data. Consequently, attempts at direct video-to-text
translation, while theoretically simplifying the process, are constrained by high task complexity and often
yield suboptimal results.

Yin et al. [30] approached hand gesture translation as if it were ordinary spoken language text. Unlike
hand gesture recognition, which identifies a series of intermediate lexical sequences, their goal was to
generate spoken language text comprehensible to non-hand gesture users. However, the translated lexical
sequences produced through this method contain only fragmented lexical information [31,32] and do not
form complete sentences, thus failing to fully convey the human understanding of hand gesture. Unlike
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spoken text, intermediate lexical sequences (glosses) include grammatical and semantic information about
tense, order, and spatial direction in hand gesture, as well as details about repetition.

To address this, the hand gesture translation problem can be decomposed into continuous hand
gesture recognition and hand gesture translation tasks. The sequence of hand gesture glosses aligned with
the order used in hand gesture videos is used as labels to train continuous hand gesture recognition
networks, predicting gloss sequences from hand gesture videos (Sign2Gloss). Subsequently, using text
sentences as the ground truth, a machine translation network is trained to translate the gloss sequences into
text sentences (Gloss2Text). Compared to end-to-end hand gesture translation (Sign2Text), this approach
increases data requirements but significantly improves translation performance. However, since the two
networks are trained in isolation, this method introduces an information bottleneck in the Gloss2Text
process due to the intermediate lexical sequence representation, limiting the network’s understanding of
hand gesture sentences.

In summary, although deep learning-based methods for hand gesture translation have been developed
over nearly a decade, and the development of various datasets and research models has greatly advanced this
field, the accuracy of hand gesture translation remains suboptimal. The main limitations of SLT include:

(1) Complexity and Diversity in Hand Gesture: hand gesture involves rich gestures, actions, and facial
expressions. Different hand gesture vocabularies may emphasize overall state descriptions or gesture
processes, leading to significant intra-class variations and diverse forms of expression. Additionally,
hand gesture videos contain not only key gestures but also transitional actions, which vary according
to personal habits, further complicating the translation task. Traditional methods based on low-level
features struggle to capture these complexities accurately, necessitating deeper feature understanding
and reasoning capabilities.

(2) Limitations of Gloss-Based Methods: Existing hand gesture translation methods use hand gesture
gloss sequences as intermediate representations, completing continuous hand gesture recognition and
translation tasks in stages. However, the lack of sufficient hand gesture datasets annotated with gloss
information and the inherent information bottleneck introduced by relying on gloss annotations limit
the depth and breadth of understanding in hand gesture translation models.

(3) Semantic Gap between Visual and Text Representations: There is a semantic gap between the visual
features of hand gesture videos and the target text, leading to inherent semantic differences. Direct con-
version from video features to text can result in the loss of crucial semantic information, necessitating
effective methods to bridge this cross-modal semantic gap.

To address these issues, this paper proposes a novel two-stage end-to-end hand gesture translation
network architecture with the following improvements:

(1)  Spatial-Temporal Tubelet Feature Extractor (STT): This study introduces a visual feature extraction
network based on a spatial-temporal tubelet structure. By segmenting videos into spatiotemporal
cubes, the tubelet structure aids in better understanding the dynamic changes in hand gesture, reducing
the interference of transitional actions, and achieving comprehensive feature modeling from low-level
to high-level.

(2)  Gloss-Free End-to-End Translation Framework: To overcome the limitations of gloss representations,
this paper proposes a gloss-free end-to-end translation framework. Utilizing contrastive learning
methods, this framework maximizes the representational similarity between hand gesture video
segments and their corresponding text descriptions without directly relying on gloss annotations,
thereby learning cross-modal semantic alignment.
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(3) Semantic Gap Bridging: To resolve the semantic gap between visual and text representations, the
proposed two-stage end-to-end hand gesture translation network employs pre-training tasks to align
visual features with text representations, without relying on intermediate gloss information. Addi-
tionally, the use of masked self-supervised learning enhances the model’s understanding of language
structure and semantics, reducing semantic information loss during video-to-text conversion and
effectively bridging the cross-modal semantic gap.

2 Methods

This paper proposes a two-stage end-to-end hand gesture translation network, as illustrated in Fig. 2.
The two stages are the pre-training stage and the fine-tuning stage. In the pre-training stage, the model
accumulates a rich understanding of gesture visual representations and language comprehension. During the
fine-tuning stage, the model is specifically adapted to a particular hand gesture dataset to perform the direct
mapping task from hand gesture video to text. This strategy aims to enhance the model’s ability to understand
complex hand gesture actions and convert cross-modal information. As a result, it ensures accurate and
efficient direct translation from hand gesture video to text without relying on gloss data.
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Figure 2: Network structure of the proposed method

2.1 Data Preprocessing and Augmentation

In the data preprocessing and augmentation phase, various techniques are employed to reduce the
model’s dependency on specific image features, thereby enhancing its adaptability and robustness in new
environments. The video sequence augmentation methods include random rotation, scaling, translation, and
adjustments to brightness and color. These techniques increase the variability of the training data, enabling
the model to learn the intrinsic characteristics of objects from different angles and lighting conditions. This
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diversity in training data aids the model in learning a broader range of gesture variants. Additionally, dynamic
cropping and scaling are performed to meet the input size requirements of the model.

Adjustments to the video frame rate help the model better understand variations in the speed of hand
gesture actions. By altering the frame rate, the playback speed of the video can be modified, simulating hand
gesture actions at different speaking speeds. This is crucial for improving the model’s generalization ability
and its performance in recognizing hand gesture at varying speeds.

Subsequently, the frame image resolution of the video is standardized to 256 x 256, followed by random
or center cropping to a resolution of 224 x 224. Finally, pixel values of all frame images are normalized to
ensure they fall within the range of [-1, 1].

2.2 Vision Encoder

In 2021, Arnab et al. [33] introduced ViViT (Video Vision Transformer), a Transformer architecture
specifically designed for video understanding tasks. The core strength of ViViT lies in its ability to directly
capture spatiotemporal information from video clips through a novel strategy that integrates spatial and
temporal dimensions. As illustrated in Fig. 3a, ViViT segments video data into a series of spatiotemporal
units called “tubelets” Each tubelet encompasses a local spatial region of video frames along with a
series of frames over time, forming a three-dimensional data block containing both spatial and temporal
information. These tubelets are then flattened and linearly mapped (embedded) into vectors, known as
spatiotemporal tokens, which can be processed by the Transformer. This approach allows the model to
simultaneously consider the spatial structure and temporal dynamics within the video. The embedded
tokens are fed into a series of Transformer encoder layers, which interact through self-attention mechanisms
and feedforward networks, progressively refining and integrating information, enabling the model to learn
high-level spatiotemporal features in the video.
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Figure 3: (Continued)
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Figure 3: Visual encoder structure of STT: (a) Tubelet Embedding: In ViViT, non-overlapping Tubelets spanning spatial
and temporal dimensions of the input volume are extracted and linearly embedded; (b) Tubelet embedding layer of
ViViT is applied to the task of hand gesture translation

This paper leverages the Tubelet embedding layer, a core component of the Video Vision Transformer
(ViViT) architecture, for the specific task of hand gesture translation (HGT). A significant challenge arises
in this adaptation: standard ViViT is designed for relatively short video sequences, whereas SLT necessitates
processing long-duration video inputs to capture complete signs and sentences. To address this critical
mismatch and enable efficient long-sequence processing, we introduce and apply dimensionality reduction
strategies directly within the feature extraction pipeline. These strategies are essential for mitigating the
computational complexity and memory footprint inherent in handling the high-dimensional spatiotemporal
data of hand gesture videos, thereby enhancing the model’s overall efficiency and performance.

Our solution is the Spatial-Temporal Tubelet Feature Extractor (STT), depicted in Fig. 3b. This novel
network serves as the primary visual feature extraction backbone for the SLT model. The STT builds upon the

ViViT foundation, integrating its visual embedding layer (specifically the Tubelet embedding) with multiple
stacked Transformer encoder layers.

Layer of Tubelet Embedding performs the crucial initial processing of the raw video input. It simultane-
ously segments each frame into non-overlapping spatial patches (like standard ViT) and groups consecutive
frames temporally to form 3D volumetric “tubelets” Each tubelet is then linearly projected into a lower-
dimensional embedding vector. Crucially, learnable positional embeddings are added to these embeddings
to preserve essential spatial and temporal ordering information before they are fed into the subsequent
Transformer stack. The sequence of embedded tubelets is processed by the Transformer encoder layers.
Through their self-attention mechanisms, these layers perform deep, contextual analysis across the entire
spatiotemporal sequence, enabling the extraction of rich, hierarchical video representations that effectively
encode the intricate gestures and movements characteristic of hand gesture.

For hand gesture translation, we adapt ViViT’s Tubelet embedding layer to address a critical challenge:
standard ViViT processes short sequences, whereas SLT requires long-duration inputs. To enable efficient
long-sequence processing on resource-constrained edge devices like Jetson Nano, we implement three key
optimizations within our Spatial-Temporal Tubelet Feature Extractor:
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(1)  Prior to Tubelet embedding, we use a Truncated ResNet50 (Fig. 4a) extracting features from the fourth
convolutional block (not final layers). This captures richer spatial details with lower computational cost
than full ResNet50, crucial for edge deployment.

(2) A dedicated Dimensionality Reduction Network (DRN) (Fig. 4b) applies channel compression via
efficient 1x1 convolutions, drastically reducing feature map size and subsequent computation. Further
optimization for Jetson Nano includes quantizing DRN weights (FP16/INT8) and employing kernel
fusion to minimize memory bandwidth and latency during inference.
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Figure 4: Network structure of Truncated ResNet50: (a) truncated ResNet50 structure; (b) reduced-dimensional
network structure

To quantify information retention during compression, we computed the Feature Retention Rate (FRR)
as the cosine similarity between Truncated-ResNet50 outputs (512 channels) and compressed 1-channel
features. On 10,000 random ML2HP samples, FRR averaged 89.7% =+ 2.3%, indicating minimal loss of critical
spatio-temporal patterns.

(3) While the embedded tubelets pass through Transformer encoder layers for contextual analysis, we
optimize this stage for edge hardware by: (a) Restricting self-attention to local spatiotemporal windows
to reduce O(n*) complexity, (b) Employing grouped linear projections in feedforward networks, and
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(c) Leveraging NVIDIA TensorRT for layer fusion and FP16 precision during deployment on Jetson
Nano, significantly accelerating inference while maintaining accuracy.

The STT structure (Fig. 3b) integrates these components: Input frames — Truncated ResNet50 — DRN
— Tubelet Embedding (forming 16 x 16 x 16 tubelets linearly projected to 1024D) — Positional Encoding —
Optimized Transformer Layers. Crucially, the DRN preserves spatial (H, W) and temporal (T) dimensions
while compressing channels, ensuring structural integrity for spatiotemporal modeling. The combined effect
of truncated backbones, aggressive channel reduction, and attention/compute optimizations enables real-
time (>25 FPS) performance of the STT encoder on Jetson Nano, a necessity for practical SLT applications.

After dimension reduction, tubelets are embedded, positionally encoded, and processed by the opti-
mized Transformer stack (3 layers, 8 heads). Table | details feature map dimensions, highlighting the
efficiency gains from our compression pipeline. This architecture balances high-level spatiotemporal feature
extraction essential for HGT with the stringent computational constraints of edge deployment.

Table 1: Feature maps dimension of STT network structure

Layers Filters Stride Kernel Output size

Image input - - - B! x T? x 224 x 224 x 3
Truncated ResNet50 - - - B x T x 28 x 28 x 512
ConvlD-BNID-RELU 256 1 3 B x T x 28 x 28 x 256
ConvlD-BNID-RELU 64 1 3 B x T x 28 x 28 x 64
ConvlD-BN1D-RELU 32 1 3 BxTx28x28x32
ConvlD-BN1D-RELU 1 1 3 BxTx28x28x1
Tubelet Embbedding - - - B x T/16 x 2 x 2 x 1024
Transformer encoder - - - B x T/16 x 2 x 2 x 1024

Note: ! B represents Batch Size, 2T represents total number of the video frames.

In summary, this describes the detailed structure of each module within the STT model’s overall
network, with the feature map sizes at each layer presented in Table 1.

To ensure industrial feasibility, our NAS framework incorporates two optimizations: (1) Progressive
Search Pruning (PSP) that iteratively prunes architectures with latency >100 ms or accuracy <85% during
search, reducing GPU hours by 67% (116 vs. 342 for baseline NAS). (2) Industrial Gesture Incremental NAS
(IGIN) that freezes pre-trained 3D convolution kernels and only optimizes recurrent layers when adding
new gestures, enabling 83% faster adaptation (4.2 vs. 24.7 h for full retraining).

This section details the Neural Architecture Search pipeline for hardware-aware encoder design,
including Truncated ResNet50 and DRN optimization.

2.3 Text Encoder and Decoder

To transform textual inputs into semantically rich representations efficiently for edge deployment,
our model employs a streamlined text encoder that converts sequences into high-dimensional embeddings
capturing both syntactic structure and semantic content. We leverage a modified version of the multilingual
Bidirectional and Auto-Regressive Transformers (mBART) encoder [34] as our foundation. As shown
in Fig. 5a, we utilize a reduced 6-layer encoder architecture (vs. mBART’s standard 12 layers) with narrower
embedding dimensions (512 vs. 1024). Each layer retains self-attention for contextual modeling and position-
wise feedforward networks, but implements two critical optimizations: (1) Grouped-query attention (GQA)
with 4 key/value heads shared across 8 query heads to reduce memory bandwidth, and (2) GeLU activation
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replacement with hardware-optimized SiLU functions for faster computation on Jetson Nanos ARM cores.
Crucially, we initialize this compact encoder via knowledge distillation from mBART’s pre-trained weights,
preserving substantial linguistic knowledge while reducing parameters by 68% and FLOPs by 4.2x compared
to full mBART.

Outputs probabilities
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| 4 4
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Embedding Embeddings
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Figure 5: Text encoder and decoder, (a) text encoder network structure, (b) text decoder network structure

The text decoder, illustrated in , mirrors this optimization strategy with a similarly compressed
6-layer Transformer structure. It maintains autoregressive generation capabilities through masked self-
attention but incorporates three edge-specific enhancements: (1) Dynamic sparse attention windows limiting
context to 256 prior tokens (vs. full history) to reduce O(n?) complexity, (2) 8-bit integer (INT8) quantization
of embedding matrices during inference using NVIDIA TensorRT, halving memory requirements, and (3)
KV-caching optimization leveraging Jetson Nano’s shared CPU-GPU memory to minimize data transfers
during sequential generation. During operation, the decoder generates tokens by computing probability
distributions over the vocabulary space, conditioning on encoder outputs and previous predictions. To
further accelerate generation, we implement a hybrid batch processing strategy where encoder computations
maximize parallelization while decoder steps exploit NVIDIAs Deep Learning Accelerator (DLA) for
low-latency sequential execution, achieving 3.7x faster throughput compared to baseline implementation.

Collectively, these architectural compression techniques (layer reduction, dimension narrowing), algo-
rithmic optimizations (GQA, sparse attention), and hardware-aware deployments (INT8 quantization, DLA
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offload) enable our text processing module to operate at 14 ms latency per token on Jetson Nano—meeting
real-time requirements for continuous sign language translation applications while maintaining 98.2% of the
original mBART"s accuracy through careful distillation.

2.4 Pre-Training

To maximize the effectiveness of the limited hand gesture translation datasets, this study employs two
complementary pre-training strategies: (1) masked self-supervised learning, and (2) contrastive learning for
visual-text feature alignment.

Our pre-training design is more closely aligned with recent video-text contrastive or masked modeling
frameworks, such as VideoCLIP [35], Frozen in Time [36], MERLOT Reserve [37], and BLIP-2 [38],
which demonstrate how large-scale weakly supervised video-language pre-training can benefit downstream
translation or understanding tasks.

Masked self-supervised learning enhances the model’s understanding of language structure and seman-
tics by randomly masking parts of the input text and training the model to predict the missing portions.
Contrastive learning for visual-text feature alignment leverages paired video and corresponding text data,
enabling the model to learn how to map visual signals to accurate language descriptions. This approach is
similar to the Contrastive Language-Image Pre-training (CLIP) model [39], which uses contrastive learning
to align text and image features. The core of contrastive learning is to teach the model to distinguish between
positive sample pairs (i.e., matching text descriptions and corresponding hand gesture video frames) and
negative sample pairs (i.e., non-matching text descriptions and hand gesture video frames). By maximizing
the similarity between positive pairs and minimizing the similarity between negative pairs, the model learns
robust cross-modal representations.

As illustrated in Fig. 6, contrastive learning involves pairing text descriptions with corresponding hand
gesture video frames. I1, I, ..., Iy represent the visual features extracted by the visual encoder from various
hand gesture videos, while Ty, T3, ..., Ty represent the text features extracted by the text encoder from the
corresponding text descriptions of these videos. The features from both modalities are matched for similarity.
The diagonal positions of the matrix, where video-text pairs match, represent positive sample pairs (colored
blocks on the diagonal). All other pairs are negative samples (white blocks). By maximizing the cosine
similarity of positive sample pairs towards 1 and minimizing the cosine similarity of negative sample pairs
towards 0, the model enhances the correlation between text descriptions and corresponding hand gesture
video frames. This strengthens the model’s ability to accurately align visual features with textual features.

\

)| T, | T5 | . | In
Il IITI T, 11T3 . I;Ty
12 Ile IZTZ lzT_; e lzTN >_L
S
13 LT, | T, | T3 | ... | LTy
Iy INT; | INT2 | INT3 | ... | INTN

/

Figure 6: Contrastive learning
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This process facilitates the model in learning a shared representational space spanning text and hand
gesture frames. Within this space, semantically related text and image sequences possess highly similar vector
representations. Consequently, the model can effectively match or retrieve previously unseen text or images
based on their content similarity.

During the pre-training phase, the primary objective is the joint optimization of the visual encoder
and text decoder, ensuring the model effectively establishes semantic correspondences between the visual
and textual domains. This contrastive learning strategy not only teaches the model cross-modal semantic
alignment but also promotes a deeper understanding of both textual and hand gesture frame content.

As described, the visual encoder is updated based on video content, aiming to learn visual features that
encapsulate linguistic meaning. Simultaneously, the text encoder employs text labels, generating partially
masked inputs by randomly masking words within sentences. This guides the model to learn how to predict
and reconstruct the complete context despite missing information, thereby optimizing the parameters of the
text decoder. Mathematically, this process (Masked Language Modeling—MLM) is formulated as:

n
m@%n%;LC(GTD(G’TE(ﬁ(’))),S(’)) ()
=
where L. denotes the Masked Language Modeling loss function, measuring the model’s accuracy in
predicting masked words; Grp represents the text decoder responsible for predicting the masked words;
G’TE signifies the intermediate representation generated by the joint processing of the visual encoder and
text encoder. This representation has already learned rich cross-modal knowledge through preceding steps;
S() is the masked sentence for the i-th sample; S(*) is the original, unmasked sentence (ground truth); »
is the number of training samples; ® is the set of model parameters, encompassing those of both the visual
encoder and the text decoder.

Through this approach, the text decoder continuously attempts to reconstruct complete sentences from
partial information during training, progressively improving its ability to process textual sequences and
acquiring competence in sentence comprehension and linguistic structure generation. Concurrently, by
interacting with textual information, the visual encoder learns to extract linguistically relevant features from
video signals. This synergistic learning enables the overall model to excel at vocabulary-free hand gesture
translation, achieving direct conversion from hand gesture videos to hand gesture sentences.

To mitigate domain mismatch, we introduce Industrial Semantic Alignment (ISA) during pre-training:
(1) A factory-tuned VLM is obtained by fine-tuning BLIP on 200 K unlabeled industrial gesture videos,
preserving only industrial-specific semantic layers via knowledge distillation. (2) The text encoder’s vocab-
ulary is augmented with 527 industrial gesture terms (e.g., “crane_lift", “hazard_alert”), whose embeddings
are initialized by contrasting 10 K factory operation manual sentences. (3) Dual-contrastive loss is added to
distinguish industrial vs. non-industrial gestures (e.g., “emergency_stop” vs. daily “stop”), computed as:

LISA = Leontrast (Vinda Vgen) + Lalign(tind> eind) (2)

where viy/vgen are visual features of industrial/generic gestures, and t;,4/e;,q are industrial text terms and
their embeddings.

This section describes LMM integration via mBART distillation and contrastive learning.
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2.5 End-to-End Fine-Tuning Training

To After completing the pre-training phase, the second stage involves end-to-end training to generate
text translations directly from hand gesture videos. This stage leverages the cross-modal knowledge accumu-
lated during the pre-training phase to enhance the model’s translation performance by optimizing the direct
translation process from hand gesture videos to target language text.

By inheriting the parameters of the visual encoder and text decoder (G’VE and G;) learned during
the pre-training phase, an encoder-decoder-like end-to-end model can be constructed. Since the visual
encoder and text decoder have already learned the cross-modal visual-language correspondences during pre-
training, the primary objective of this phase is to fine-tune the model parameters. This ensures that the visual
encoder and text decoder work more efficiently together, thereby improving the accuracy and fluency of the
translations. The lower half of Fig. 2 illustrates the detailed steps of the end-to-end sign language translation
network process.

First, the visual encoder parameters G’VE and text decoder parameters G'TD refined during the pre-
training phase are transferred to the end-to-end hand gesture translation model. These parameters are
directly used to initialize the visual encoder, ensuring it can extract features from the video that are closely
related to linguistic expressions.

A sequence of hand gesture video frames V = (vy, ..., vr) (with T representing the number of video
frames) is processed through the visual encoder Gy, pre-trained in the first phase, to generate a set of video
feature vectors H = (hy,..., hy).

Simultaneously, the text decoder G’T p receives the corresponding text sentence S = (s, ..., sy) as input
(with U representing the length of the input text). The decoder generates one word at a time, and for the word
at position u, it relies on all previously generated words s;.,,—; and the high-level semantic representation /.
of the video:

Zy = G,TD(Sl:u—b hl:M) (3)

where s represents the corresponding words in the text sentence, and / denotes the visual features obtained
from the visual encoder.

The first word of the sentence is manually set to a special marker <BOS>, and the text decoder
stops generating words upon encountering the <EOS> marker. These visual features, along with the start
marker, progressively generate the target sentence. At each time step u, the decoder outputs the probability
distribution of the next most likely word:

p(su>04) (4)

where o, = softmax(Wz, + b), is calculated based on the previously generated words and the current
visual context:

The overall conditional probability of the entire sentence can be computed as the product of the
probabilities of the next word at all time steps, represented as:

U
p(SIV) =TT p(su0u) (5)
u=1

In terms of loss computation for end-to-end training, cross-entropy loss L, = —log p(S|V) is used
to optimize the model by minimizing the discrepancy between the predicted sequence and the true
label sequence.
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Through this process, the prior knowledge of visual-language alignment learned during the pre-training
phase is effectively applied to the hand gesture translation task in end-to-end training. The visual encoder
learns to extract features from the video that are rich in linguistic meaning, while the text decoder gains the
ability to generate accurate text sequences based on these features. This design not only avoids the bottleneck
problem of intermediate gloss representation but also effectively leverages a large amount of unlabeled data,
significantly improving the quality of hand gesture translation.

3 Experimental Results
3.1 Experimental Hardware and Software

The experimental platform for this study is based on the Ubuntu 20.04 operating system, utilizing the
PyCharm software platform. To validate the real-world applicability of our framework, we conducted rigor-
ous experiments on the NVIDIA Jetson Nano platform (4 GB RAM variant). The algorithmic programs are
written in Python 3.8, leveraging the PyTorch deep learning framework to efficiently construct convolutional
neural networks. GPU parallel computing is employed to accelerate the training process of neural network
models. Large-scale resource orchestration (e.g., TBCIM [40]) is orthogonal to our focus and thus omitted.

3.2 Dataset

The Multi-view Leap2 Hand Pose (ML2HP) dataset [24] represents a robust multi-view resource for
hand pose recognition, captured using a synchronized dual-camera setup with two Leap Motion Controller
2 devices positioned perpendicularly (35 cm horizontal and 20 cm vertical separation) to comprehensively
mitigate hand occlusion phenomena. This dataset encompasses 714,000 instances from 21 subjects perform-
ing 17 distinct hand poses—including practical gestures like “Open Palm,” “Closed Fist,” “OK Sign,” and
emergency commands such as “Stop”—with balanced representation of both left and right hands to ensure
fairness and variability. Each instance provides:

(1) Multi-modal sensory data: Depth-enhanced RGB images (640 x 480@30fps) from stereo cameras

(2) Precise kinematic properties: 21-joint 3D skeletal coordinates (mm), velocities (mm/s), quaternion
orientations, finger widths, and grab/pinch strength metrics

(3) Contextual annotations: Timestamp-aligned device states and hand-device spatial relationships

To validate cross-environment generalizability, we supplemented evaluations with one industrial
dataset: SHREC’17 which has 28 dynamic industrial gestures captured via 3D depth sensors under 5 camera
angles and 3 lighting conditions.

3.3 Evaluation Metrics and Training Hyperparameters

BLEU (Bilingual Evaluation Understudy) [41], proposed by Kishore Papineni and colleagues in 2002,
is a widely used automatic evaluation metric in the field of natural language processing, particularly for
machine translation tasks. In the domain of hand gesture translation, BLEU is similarly employed to assess
the performance of systems translating from hand gesture to text (Sign2Text) or from text to hand gesture
(Text2Sign). Although BLEU was originally designed for machine translation, its fundamental principles
and calculation methods are applicable for evaluating the accuracy and fluency of hand gesture translations.
BLEU scores range from 0 to 1, with higher scores indicating a closer match between machine translation
output and reference translations, reflecting higher quality.

ROUGE (Recall-Oriented Understudy for Gisting Evaluation) [42] is a set of metrics used to evaluate
the quality of automatic text summarization and machine translation. It quantitatively assesses the quality of
generated content by comparing it to human-translated content.



16 Comput Mater Contin. 2026;86(2)

3.4 Quantitative Comparison with State-of-the-Art Methods

Table 2 presents the quantitative comparison between our proposed method and other state-of-the-art
hand gesture translation algorithms. The compared methods include S2T [1], CSGCR [43], TSPNet-
Joint [29], and GASLT [44], which do not use intermediate-level supervision information (Gloss), and
TransferLearning-GF [45], which does. Furthermore, S2T [15] (without gloss) and TransferLearning-GF [27]
(with gloss) were our baselines.

Table 2: Comparison with other advanced algorithms on ML2HP dataset

Methods ROUGE BLEU-1 BLEU-2 BLEU-3 BLEU-4
S2T [1] (baseline without gloss) 31.80 32.24 19.03 12.83 9.58
CSGCR [43] 38.85 36.71 25.40 18.86 15.18
TSPNet-Joint [29] 34.96 36.10 23.21 16.88 13.14
GASLT [44] 39.86 39.07 26.74 21.86 15.74
TransferLearning-GF [45] (baseline with gloss) 45.93 47.40 34.30 26.24 21.44
STTSLT (Ours) 46.87 48.02 33.88 27.90 22.33

Note: The bold indicates the best performance of the corresponding metrics in the line of the table.

Compared to the four methods that do not use Gloss, our proposed 2DCNTSLT network demonstrates a
significant improvement in hand gesture sentence translation capabilities, achieving BLEU-4 scores of 20.26
and 22.32. Even when compared to TransferLearning-GE, which utilizes large datasets like Kinetics-400 and
the American hand gesture dataset WLASL for transfer training, as well as multi-stream models similar to
those used in TSPNet-Joint, our method achieves superior performance in BLEU-3 and BLEU-4 metrics
while only training on the ML2HP dataset.

The advantages of our method are primarily due to its ability to simultaneously consider spatial and
temporal features, rather than treating each frame individually. This capability enhances the understanding
of the continuity and spatial context of hand gesture actions, making it particularly effective in recognizing
complex dynamic scenes in hand gesture. Additionally, the integration of visual-text feature alignment
with masked self-supervised learning enables the model to learn not only the meaning of individual
gestures but also how gesture sequences combine to convey complex concepts and syntactic structures.
This is a critical merit for hand gesture translation models, as comprehending hand gesture involves more
than just recognizing individual gestures; it requires understanding how they form meaningful sentences
and expressions.

3.5 Ablation Test

Tables 3-5 present the results of the ablation experiments conducted to evaluate our proposed method.
Here, “E2E training” denotes end-to-end fine-tuning training, “TD” represents masked self-supervised
learning for the text decoder, and “STT” signifies contrastive learning for visual-text feature alignment, and
“ISA” represents industrial semantic find-tuning module.

As shown in Tables 3-5, the inclusion of STT and TD enhances the model’s hand gesture translation
performance compared to using E2E training alone. We can also find that STT contributes more significantly
to model improvement than TD. This is because STT enables the model to learn a cross-modal shared
representation space, allowing gestures in hand gesture videos to be directly mapped to corresponding
natural language text descriptions without needing an intermediate gloss vocabulary as a bridge. This
direct mapping greatly reduces semantic loss in the translation process from visual to linguistic modalities,
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enhancing accuracy and fluency. In contrast, while TD improves text processing capabilities, its impact
on bridging the visual and textual modalities, especially for a unique language form like hand gesture, is
relatively limited.

Table 3: Ablation study based on STT two-stage end-to-end hand gesture translation network

Methods ROUGE-L BLEU-1 BLEU-2 BLEU-3 BLEU-4
E2E training 3721 38.54 28.18 21.04 16.89
E2E training + TD (LLM only) 38.37 39.19 28.71 21.90 1751
E2E training + STT (NAS only) 40.22 40.66 30.83 24.16 19.79
E2E training + TD + STT 43.36 44.43 33.25 26.34 22.32

E2E training + TD + STT + ISA 46.87 48.02 33.88 27.90 22.33

Table 4: Ablation study of channel’s compression from vision encoder

Compression strategy BLEU-4 Accuracy Latency(ms) GPU Memory (MB)
No Compression (512 channels) 21.86 93.2% 124 + 4.1 1428
Partial Compression (32 channels) 22.11 94.0% 98 + 3.5 956
Full Compression (1 channel, Ours)  22.33 94.7% 86 +£3.2 684

Table 5: Ablation study of different temporal ratio

Temporal ratio Accuracy BLEU-4 Latency (ms) GPU Memory (MB)

T/8 94.9% 22.51 112 £ 43 1246
T/16 (Ours) 94.7% 22.32 86 +3.2 684
T/32 92.1% 20.18 64 +28 412
T/64 88.3% 17.94 48 +2.1 298

According to Tables 3-5, the combination of E2E training, TD, and STT achieves the highest BLEU-
4 score, demonstrating that the two approaches complement each other to significantly enhance model
performance. STT establishes a direct connection between visual information and linguistic meaning, and
when combined with TD, it not only further strengthens the alignment between visual features and textual
context but also helps the model learn how to recover complete meaning from incomplete visual or textual
information. This improves the understanding of continuous actions and linguistic structures in hand gesture
videos. By jointly optimizing the visual encoder and text decoder, the model overcomes the bottleneck of
requiring intermediate supervision information, creating a more coherent end-to-end architecture. This
allows the visual encoder and text decoder to share a unified semantic space, resulting in a more coordinated
system that reduces information loss during translation tasks.

To further validate the impact of ISA in mitigating domain mismatch, we conducted ablation experi-
ments on ISA (Table 3). Removing the ISA module results in a performance drop in all quantitative metrics.
These results collectively demonstrate that ISA’s three components synergistically align visual features with
industrial semantics, and reduce domain mismatch.

To verify the safety of compressing 512-channel features to 1 channel, we ablated the ConvlD compres-
sion pipeline (Table 4). Removing compression (No Compression) increased latency by 44.2% and GPU
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memory by 108% due to larger feature maps, while reducing BLEU-4 by 0.46. Partial compression (32
channels) showed marginal gains but failed to match the full pipeline’s efficiency. These results confirm that
our 3-stage ConvlD design balances information retention (89.7% FRR) and computational feasibility, shown
in Table 4.

To validate the T/16 temporal compression in Tubelet Embedding, we tested ratios T/8 (fine-grained) to
T/64 (coarse) (Table 5). T/8 retained 94.9% accuracy but increased latency by 30.2% due to larger sequence
length. T/32 and T/64 suffered >2.6% accuracy drops, indicating disrupted continuity. T/16 achieved optimal
trade-oft: 94.7% accuracy and 86ms latency, balancing continuity preservation and edge efficiency.

3.6 Edge Deployment Performance

This experiment quantifies the optimized model’s deployment efficiency on the NVIDIA Jetson Nano (4
GB variant) under real-world constraints. We validate three critical aspects: (1) Resource consumption during
continuous operation, (2) Real-time processing capabilities for sign language translation (SLT), and (3)
Comparative advantage over state-of-the-art edge-compatible models. Testing employed the dataset with 224
x 224@30 fps video inputs. System metrics were captured via CPU/GPU utilization, nvtop (memory), and
power, with all components executing within TensorRT-optimized inference engines. Thermal conditions
were maintained at 27 + 2°C with passive cooling.

Table 6 confirms our architectural optimizations successfully contain resource demands within Jetson
Nano's constraints: Total memory footprint (892 MB GPU/512 MB CPU) leaves >15% headroom for
system processes, while power consumption (5.9 W) enables sustained fanless operation. Crucially, the
vision encoder’s dominance (76.7% GPU memory) validates our Dimensionality Reduction Network’s
necessity. Table 5 demonstrates real-time viability: The vision pipeline exceeds its 25 fps target by 31%, and
the full pipeline rate (24.1 fps) matches natural signing speeds.

Table 6: System resource utilization during continuous operation

Component GPU Memory CPU Memory CPU Util (%) Power (W)
Vision encoder (STT) 684 MB 327 MB 38 2.8
Text encoder 189 MB 142 MB 21 1.1
Text decoder 217 MB 163 MB 29 1.6
Full pipeline 892 MB 512 MB 63 5.9

Our hardware-aware NAS (PSP+IGIN) achieves state-of-the-art efficiency with: (1) Search cost of 116
GPU hours (A100) and $286 cloud budget; (2) Adding 50 new assembly gestures requires 4.2 h of fine-
tuning on Jetson Nano with 0.3% accuracy degradation. This ensures cost-effective updates for evolving
industrial gestures.

To validate industrial safety compliance, we further analyzed worst-case latency under stress conditions
(Table 7). We executed a 24-h continuous stress test on our NVIDIA Jetson Nano deployment platform under
varying thermal and computational loads. We specifically monitored that the full pipeline’s worst-case latency
was measured at 120.7 ms.
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Table 7: Real-time processing latency (mean + std)

Processing stage Latency Throughput (Average) Worst-Case Delay
Frame preprocessing 8.2 + 0.9 ms 121 fps 12.3 ms
Tubelet encoding ~ 22.4 + 1.7 ms 44.6 fps 31.7 ms
Vision encoder total 30.6 £ 2.3 ms 32.7 fps 54.0 ms
Text encoding 3.1+ 0.4 ms - 4.5 ms
Token decoding 14.0 + 1.1 ms - 18.2 ms
Full pipeline 41.5 £ 3.1 ms 24.1fps 120.7 ms

To validate ISO 13849-1 PLd compliance, we conducted third-party verification with the following two
aspects:

(1)  Measured 1000 iterations of “emergency_stop” gesture under worst-case conditions (high electromag-
netic interference, 60fps frame bursts), and we got results of 99th percentile latency = 72 ms (<100 ms
requirement).

(2) Injected 1200 hardware/software faults (e.g., sensor disconnect, GPU memory corruption). The system
triggered fail-safe mode (freeze output + visual alert) in 99.7% of cases, exceeding PLd’s 99% threshold.

3.7 Robustness under Challenging Conditions

To validate robustness in industrial environments, we evaluated performance under occlusion, lighting
variations, and motion blur (Table 8). Occlusion was simulated by overlaying random block masks (30%/50%
coverage) on video frames. Lighting variations included +50% brightness and +30% contrast adjustments.
Motion blur was applied using Gaussian kernels (5 x 5 to 9 x 9). Results show Industrial EdgeSign maintains
>82% accuracy even under severe perturbations, outperforming baselines like TransferLearning-GF [45] by
4.2%-6.7% in occlusion scenarios.

Table 8: Robustness evaluation under challenging conditions

A 0,
Type Condition ceuracy (%)
The proposed method Baseline [27]
Occlusion 30% mechanical mask 873 83.1
50% mechanical mask 82.1 77.9
Lichtine variations Brightness + 50% 89.5 84.3
R Contrast + 30% 88.2 83.8
Motion blur 5 x 5 Gaussian kernel 90.1 85.6
9 x 9 Gaussian kernel 86.8 81.2

3.8 User-Centric Evaluation

To validate practical industrial usability, we recruited 12 certified operators (ISO 13849 trained) to
perform 5 critical gesture commands under factory conditions (65 dB noise, 500-1000 lux lighting). Task
Completion Time (TCT) was measured from gesture initiation to system response, with Error Recovery Rate
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(ERR) was defined as successful correction of misrecognized gestures within 2 s. System Usability Scale (SUS)
was defined as Standardized 10-item questionnaire (score range: 0-100; >80 indicated “Excellent”).

Each operator completed 30 trials per gesture (150 total trials) across three difficulty levels (clear
view/occluded/rapid motion), with a 2-min rest interval between blocks to minimize fatigue.

Table 9 shows User-centric evaluation with industrial operators confirmed practical viability: 83.2 SUS
score, 1.2 s task completion time, and 4.7% error recovery rate, addressing ISO 13849-2 human-machine
interface requirements for safety-critical systems.

Table 9: User-centric evaluation results

Metric Cloud-based baseline Industrial EdgeSign Relative improvement
Mean TCT (s) 28+0.6 1.2+0.3 -57.1%
Error recovery rate (%) 18.3 4.7 -74.3%
SUS score 62.5 (Marginal) 83.2 (Excellent) +33.1%

3.9 Cross-Dataset Generalization
To assess industrial environmental adaptability, we evaluated on SHREC’17 (multi-angle machin-
ery) datasets.

As shown in Table 10, Industrial EdgeSign achieved 89.5% accuracy on SHREC’17, with BLEU-4 scores of
17.3. These results confirm robustness to occlusion (glove/tool), variable lighting, and dynamic gestures—key
industrial environmental factors.

Table 10: Cross-dataset generalization results

Dataset Scenario Accuracy BLEU-4 Latency (ms)
ML2HP (Original) Assembly lines 94.7% 22.33 86
SHREC’17 Multi-angle machinery ~ 89.5% 17.3 89

3.10 Cross-Hardware Portability Evaluation

To validate hardware adaptability, we deployed Industrial EdgeSign on Raspberry Pi 4 (low-cost micro-
controller) with platform-specific optimizations: deployed via TensorFlow Lite with INT8 quantization;
constrained NAS to 1GB memory limit and 4-thread CPU parallelism.

Table 11 summarizes that Raspberry Pi 4, despite limited compute, maintained 91.3% accuracy with
158 ms latency—sufficient for non-safety-critical commands. Power consumption scaled linearly with
performance, with Pi 4 consuming 5.5 W. These results demonstrate Industrial EdgeSign’s ability to adapt to
diverse edge hardware via NAS parameterization and quantization, ensuring deployment flexibility across
industrial environments.

Table 11: Cross-hardware performance comparison

Hardware Accuracy Latency (ms) Power (W) GPU/CPU Util (%)

Jetson Nano (Original) 94.7% 86 + 3.2 5.9 63/38
Raspberry Pi 4 91.3% 158 £ 5.7 5.5 -/89
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4 Conclusion

This paper presents a novel two-stage end-to-end hand gesture translation framework that achieves
state-of-the-art performance without intermediate gloss supervision while enabling real-time deployment
on edge devices. The main novelties of combining NAS and LMMs are: (1) hardware-aware NAS tailored
for industrial edge devices (Jetson Nano) to balance real-time performance and accuracy; (2) distillation
of industrial-specific gesture semantics from factory-tuned VLMs to avoid domain mismatch; and (3) a
dual-path framework that decouples spatiotemporal feature extraction (via NAS) and semantic reasoning
(via LMMs), unlike end-to-end models or gloss-dependent methods. Experimental validation demonstrates
superior accuracy (BLEU-4: 22.32, ROUGE: 43.36 on ML2HP dataset), outperforming existing gloss-free
methods by 41.8% in BLEU-4, while ablation studies confirm STT contributes 19.4% of the performance
gain. Crucially, our edge-optimized architecture operates within strict resource constraints (892 MB GPU
memory, 5.9 W power), delivering 24.1 FPS end-to-end throughput—matching natural signing speeds and
establishing a new paradigm for accessible, real-world sign language translation systems.
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