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Abstract. Industrial large models can extract features from industrial data, transfer learned
knowledge and adapt to different fault diagnosis tasks. However, their massive parameter
counts, high memory usage, and expensive computational costs make direct deployment on
resource-constrained edge devices challenging. This paper reviews the current applications
and deployment challenges of industrial large models in fault diagnosis and provides an in-
depth discussion of six major lightweight techniques: model pruning, quantization,
knowledge distillation, lightweight architecture design, parameter-efficient fine-tuning, and
hybrid optimization. The paper analyzes the advantages, limitations, and applicability to
different hardware of these techniques from dimensions such as diagnostic accuracy, model
size, inference latency, memory usage, and energy consumption. In addition, based on the
computing capabilities of various types of industrial equipment, this paper proposes a
resource-aware deployment framework: for low-power terminals, models with high
compression ratios are recommended; for medium-power devices, models that are
moderately optimized and combined with an edge-to-cloud collaboration mechanism are
suitable; while for complex diagnostic tasks, larger-scale models can be deployed on high-
performance edge servers or cloud platforms. Overall, this combination may improve the
accuracy and efficiency of edge-based industrial fault diagnosis.
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1. Introduction

In recent years, with the development of smart manufacturing, industrial equipment is becoming
increasingly complex and producing a lot of data, including vibration signals, images, temperature
records, and maintenance logs. Accurate fault diagnosis is important because equipment failure may
cause production interruptions, increase maintenance cost, and even create safety risks [1].

Traditional fault diagnosis methods usually rely on expert knowledge, artificially designed
features or deep learning models for specific tasks. Although these methods can achieve better
results on specific devices, their diagnostic performance may decrease when device type, operating
condition, or fault mode changes. Industrial large models can help improve these limitations.
However, its large parameters, high computing volume and high memory occupation make it
difficult to meet the real -time and power consumption requirements of edge devices [2, 3].
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Therefore, this paper reviews six lightweighting techniques and proposes resource-aware
deployment strategies for edge devices with different computational capabilities. This article will
also introduce the complete deployment process and compare the deployment strategies of low
computing power, medium computing power and high computing power edge devices. This study
aims to balance diagnostic performance with development efficiency on edge devices.

2. Industrial large models and fault diagnosis

2.1. Potential of industrial large models

Industrial large models are Transformer-based models designed for industrial applications. After
pretraining on large datasets, these models can adapt to different industrial tasks [4]. Compared to
traditional deep learning models, large models possess stronger capabilities in multitasking,
generalization, communication, and reasoning. They can not only identify fault categories but also
describe fault characteristics, analyze potential causes, and generate maintenance recommendations
[5].

The development of industrial artificial intelligence is generally shifting from relying on
manually designed features and task-oriented neural networks to pre-trained models and large-scale
Transformer model. Based on data modality, industrial foundation models can be divided into
language, vision, time-series, and multimodal models, which respectively process documents,
images, sensor signals, or combinations of heterogeneous data [2].

2.2. Industrial fault diagnosis tasks

Industrial fault diagnosis is not just about determining whether equipment is abnormal, but also
includes stages such as fault detection, fault isolation, fault identification and fault classification
(Figure 1). Its goal is to determine the location, type and severity of the fault, and then provide a
basis for subsequent maintenance decisions [6]. Common diagnostic data includes vibration,
acoustic emission, temperature, pressure, torque, current and thermal imaging images, among others.
Among these, vibration signals have the advantages of relatively lower acquisition costs and higher
reliability, which makes them one of the most commonly used types of data in rotating machinery
fault diagnosis [7].

Figure 1. Main stages of industrial fault diagnosis [8]

Large language models can also combine vehicle operation data, maintenance records, and
technical documents to assist with predictive maintenance and fault diagnosis [9]. However, such
applications rely on diverse and high-quality data and require relatively high computational and
deployment costs, which limits the further application of models on resource-constrained devices.
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3. Challenges of edge deployment

Industrial fault diagnosis requires timely processing of sensor data to act, and compared with cloud-
based diagnosis, direct edge deployment processes data close to industrial equipment, which reduces
communication latency, allowing diagnostic services to be maintained more stably. However, large
industrial models require substantial computing resources and energy consumption, which can also
lead to a mismatch between the requirements for running the models and the conditions of actual
edge devices.

3.1. Characteristics of edge devices

Edge devices are located near sensors or industrial machines and can process vibration, current,
temperature and image data locally, thereby reducing communication latency, bandwidth
consumption, and reliance on remote cloud servers [10]. The heterogeneity of hardware and
software is also a major characteristic of edge devices. Industrial sites may simultaneously have
devices using different processors, operating systems, memory capacities and precision. Therefore,
the deployment of edge devices requires models to have the ability to adapt to heterogeneous
hardware, while maintaining stability and real-time performance of fault diagnosis.

3.2. Deployment challenges

The development of industrial large models in edge devices involves several technical challenges.
The resource requirements of industrial large models may exceed the computing, memory, and
energy capabilities of edge devices, thereby leading to higher inference latency and memory
consumption [11]. Secondly, edge deployment needs to meet the real-time requirements of industrial
fault diagnosis. Therefore, inference latency must also be considered during deployment, and the
worst-case response time must be evaluated. When local resources are insufficient, computing tasks
can be offloaded to edge servers or cloud platforms, but task offloading introduces additional
communication latency, and makes diagnostic performance dependent on network conditions and
external computing resource [10]. Local processing can reduce the transmission of sensitive
production data, although distributed edge devices may introduce additional security risks [11].
Changes in operating conditions and component wear may also cause shifts in the data distribution
and reduce diagnostic reliability. These challenges make direct deployment difficult and create a
need for hardware-aware lightweight techniques.

3.3. Balancing diagnostic and deployment objectives

The design of edge-side fault diagnosis systems needs to strike a balance between diagnostic
performance and deployment efficiency. Although increasing model complexity can enhance feature
representation capabilities and improve fault classification accuracy, it also brings higher
computational overhead, memory usage, and inference latency. Therefore, an effective deployment
strategy should reduce computational complexity and ensure real-time fault detection while
maintaining sufficient diagnostic accuracy [12].

4. Lightweight technologies for industrial large models

Existing lightweighting techniques can generally be divided into model pruning, model quantization,
knowledge distillation, parameter-efficient fine-tuning, lightweight architecture design and hybrid
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optimization. These techniques are applied at different stages of model development and
deployment, and thus each has its own advantages and limitations.

4.1. Model pruning

To deploy models with a massive number of parameters on resource-constrained edge devices,
model compression is necessary. Model pruning is a core technique for model lightweighting,
commonly applied to large-scale models and deep learning networks. It operates by removing
parameters, neurons, channels, or network layers that have minimal impact on the model's output,
thereby reducing model complexity while striving to maintain accuracy.

According to pruning granularity, pruning methods can be divided into unstructured pruning and
structured pruning [13]. Unstructured pruning simply directly removes individual weight
parameters, and can usually achieve a high compression ratio, but it produces sparse matrices.
Structured pruning removes an entire channel, convolution kernel, filter or layer at a time, and the
resulting dense model makes the compressed model more compatible with general-purpose edge
device hardware. However, the accuracy loss at the same compression ratio is greater than that of
unstructured pruning.

Zhu and Gupta proposed an automated progressive pruning method that gradually increases the
model's sparsity rate during training, allowing the model to recover some of the performance lost
due to parameter removal [14]. However, the pruning ratio should not be increased without
considering model sensitivity. Zhang et al. proposed PAOLTransformer, which applies adaptive
structured pruning to an aero-engine RUL prediction model. In the PAOLTransformer experiments,
predictive performance improved when moderate pruning removed redundant structures, whereas
pruning rates exceeding approximately 40% resulted in a significant performance decline. This
indicates that excessive pruning may remove components necessary for characterizing equipment
degradation patterns [15].

4.2. Quantization

Model quantization involves converting model weights and activations from high-precision floating-
point formats to low-precision numerical formats for storage and computation. This reduces GPU
memory usage, accelerates inference, and lowers power consumption.

Model quantization can generally be implemented via Post-Training Quantization (PTQ) and
Quantization-Aware Training (QAT). PTQ converts a pre-trained model—with fixed parameters—
into a low-precision format by performing forward inference on a calibration dataset. In contrast,
QAT simulates quantization during the training process and exports a low-bit model upon
completion. QAT usually retains more accuracy because the model learns to account for quantization
errors during training [16].

Low-bit quantization can reduce more memory usage and computational cost, but it may also
introduce larger numerical errors. Mixed-precision quantization uses higher precision for sensitive
layers and lower precision for other layers [17, 18].

4.3. Knowledge distillation

Knowledge distillation is a model compression technique designed to transfer knowledge from a
large and complex teacher model to a smaller student model. Unlike traditional training methods
that learn solely from ground-truth labels, knowledge distillation allows the student model to mimic
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the outputs or internal representations of the teacher model. Because these outputs contain additional
information about the relationships between different classes, the student model can learn a richer
decision structure than by using hard labels alone. Therefore, knowledge distillation can reduce
model size and computational requirements while retaining a substantial portion of the teacher
model's predictive performance [16, 19].

Depending on the information transmitted, distillation can be response-based, feature-based, or
relation-based, utilizing teacher outputs, intermediate representations, or the relationships between
samples and features, respectively, as shown in Figure 2 [20].

Figure 2. Main types of knowledge transferred in knowledge distillation [20]

In industrial applications, knowledge distillation can transfer the diagnostic capabilities of large
teacher models to small student models suitable for edge deployment. For example, Liu et al.
developed KD-LightNet for industrial defect detection and used knowledge distillation to improve
the performance of the lightweight student network, which shows that the application potential of
this technology in resource-constrained industrial inspection systems [21].

However, knowledge distillation still faces many challenges. Distillation performance depends on
the quality of the teacher model, the capabilities of the student model, and the selected objectives.
Significant architectural differences may hinder knowledge transfer, while feature- and relation-
based methods may increase training complexity. Therefore, in actual edge deployment, it is also
necessary to consider training costs, diagnostic accuracy, model size and the computing capabilities
of edge devices and find a balance among them [20].

4.4. Parameter-efficient fine-tuning

Parameter-efficient fine-tuning freezes most of the large models during training, training only a
small number of newly added parameters without updating the entire model. Compared with full
fine-tuning, it uses less GPU memory and trains faster [22]. Existing PEFT methods can be broadly
divided into four categories: additive, selective, reparameterization-based and hybrid. Representative
techniques include Adapter Tuning, Prompt Tuning, Prefix Tuning and low-rank adaption (LoRA)
[23].

In industrial applications, PEFT has the capability to handle multi-task scenarios, allowing a
shared model to be applied to different diagnostic tasks. Secondly, PEFT can significantly reduce the
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GPU memory and computational resource requirements for fine-tuning. However, a reduction in
trainable parameters does not necessarily mean a proportional reduction in computation or memory
usage, because the frozen backbone network and its intermediate activations still need to be
processed [22]. Therefore, PEFT mostly reduces adaptation costs and storage costs, rather than
directly compressing the backbone model. It should be combined with pruning, quantization, or
other lightweight techniques on resource-constrained edge devices

4.5. Lightweight architecture design

Lightweight architecture reduces the number of parameters and computations at the structural level
when designing the network, rather than compressing it after training. Common techniques include
depthwise separable convolution and efficient attention mechanisms. These structures can reduce
parameters and computation while maintaining feature extraction capabilities. For Transformer-
based models, using local, sparse, or linear attention mechanisms can reduce the computational and
memory overhead caused by standard self-attention mechanisms. Among them, hardware-aware
NAS can include actual latency, energy consumption, and hardware constraints into the search
objectives, thereby making the generated architectures more suitable to the required edge device
environment [16, 24].

This approach is widely used for edge-based fault diagnosis involving large-scale industrial
models. Ma et al. proposed a multi-objective architecture search method that jointly considers
accuracy and actual inference latency on the target device. In an experiment involving fault
diagnosis for rotating machinery, the generated model achieved 100% diagnostic accuracy with a
size of only 82 KB and a computational cost of 6.08 M FLOPs; it also attained 99.09% accuracy on
another dataset [25]. However, architecture exploration requires substantial training resources, and
lightweighting itself has an accuracy ceiling, so lightweight architectures still need to strike a
balance between factors such as accuracy and hardware compatibility.

4.6. Hybrid optimization

A single lightweighting technique often struggles to simultaneously meet various operational
requirements such as model size, memory usage, inference latency, efficiency and diagnostic
accuracy. Therefore, hybrid strategies allow multiple techniques to complement each other and
strike a balance among different objectives. For example, combining knowledge distillation with
quantization, distillation compensates for the accuracy loss caused by quantization, while
quantization reduces inference overhead. Pruning first removes redundant weights, and quantization
can further reduce the data precision of the remaining parameters. PEFT can also be combined with
quantization techniques, requiring fewer training parameters and less memory, and making it better
suited to specific diagnostic tasks [16, 22, 24].

Hybrid optimization allows multiple techniques to be stacked to achieve a greater degree of
model slimming, meeting the memory and computing power constraints of edge devices. However,
excessive stacking also causes accuracy to decline. At the same time, hybrid optimization also
makes training take longer. Therefore, when stacking compression, accuracy should also be
evaluated, and an appropriate scheme should be comprehensively considered based on the
evaluation metrics and actual conditions of the target edge platform.
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5. Edge deployment strategies and process

Edge deployment is not simply copying a trained model to a device, it requires first clarifying the
specific task and hardware requirements, then completing model compression, format conversion,
hardware testing and continuous monitoring. Since different computing devices can produce
different training results, different strategies should be used accordingly.

5.1. Deployment pipeline

The first step of the deployment process is to analyze the diagnostic task, input data, latency
requirements and hardware resources. Then, select an appropriate pretrained model based on the
amount of data for the specific task and the resources available for training, and perform full fine-
tuning or parameter-efficient fine-tuning to adapt it to the target device. After adaptation,
compression can be performed according to the computing power or memory requirements of the
target device, using pruning, quantization, knowledge distillation or hybrid optimization methods.
Then, the optimized model is converted into a hardware-compatible inference format and integrated
with the data acquisition and preprocessing modules. Before deployment, the diagnostic
performance on the actual device should be evaluated, because reductions in the number of
parameters or floating-point operations do not necessarily improve latency or energy consumption
[11, 24]. When the model evaluation results meet the expected accuracy, memory usage, latency and
reliability metrics, it can be deployed for online monitoring. Jia et al. demonstrated this process by
adapting a pretrained diagnostic model to resource-constrained terminals through lightweight task-
specific customization [26].

5.2. Strategy for low-compute devices

Based on available memory, processing capability, hardware acceleration, and power budget,
industrial edge platforms can be classified into low, medium, and high computing power tiers. For
different tiers, corresponding lightweighting and deployment strategies should be selected [11].

Low-compute devices are typically subject to strict limitations in terms of memory, processing
capability, storage space and energy consumption; therefore, it is not possible to deploy complete
industrial large models on such devices. A more suitable approach is to use lightweight CNNs or
distilled student models, combined with structured pruning and INT8 quantization [16, 24]. These
devices can perform continuous data processing, anomaly detection and fault classification. When
encountering uncertain samples, the filtered data features can be transmitted to edge servers or cloud
platforms. This model enables low-compute devices to maintain real-time local monitoring, while
also leveraging external computing resources to handle more demanding diagnostic tasks [27].

5.3. Strategy for medium-compute devices

Compared with low-compute devices, medium-compute devices, such as industrial gateways and
edge device platforms equipped with GPUs or NPUs, have larger memory capacities and stronger
processing capabilities. So, they can support compressed diagnostic models while maintaining
accuracy. For such hardware, structured pruning can be combined with INT8 or FP16 quantization
techniques to reduce memory usage and computational overhead while maintaining a hardware-
friendly model architecture [24].
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These devices are suitable for adopting a local-first edge-cloud collaborative strategy. Routine
fault detection and assessment are performed locally, while complex model training and updates are
performed on cloud servers [27]. The deployment system can also assign tasks to different models
for processing based on task complexity, simple ones to lightweight models, and those with high
uncertainty or complexity to larger-scale models or cloud processing. This strategy can achieve a
balance among diagnostic accuracy, resource consumption and communication dependency.

5.4. Strategy for high-compute devices

High-compute devices can support large diagnostic models using lighter compression strategies,
integrate multiple types of heterogeneous information from vibration, acoustics, thermal data, etc.,
and perform complex tasks such as simulation training, multimodal data fusion, etc. Garcia et al.
pointed out that IoT and big data infrastructure can support large-scale data collection and real-time
analysis, while the edge-to-cloud architecture can handle massive industrial data streams [28].

Such hardware platforms can retain complete models or moderately compressed versions to
ensure diagnostic capabilities. However, in actual deployment there is no need to migrate all tasks to
the cloud. Somu and Dasappa proposed that edge deployment or cloud deployment should be
selected according to the computing capabilities of edge devices [27]. This can enable rapid local
response while also leveraging the powerful computing and storage capabilities of high-compute
infrastructure, but factors such as data privacy and network reliability still need to be considered.

6. Conclusion

Industrial large models can learn from heterogeneous data and transfer knowledge and adapt to and
be deployed on different types of equipment. However, their enormous parameter scale, high
memory requirements, and high computational costs make direct deployment on edge devices
challenging. This paper reviews six major lightweight techniques, including model pruning,
quantization, knowledge distillation, lightweight architecture design, parameter-efficient fine-tuning,
and hybrid optimization. These techniques reduce deployment costs from different dimensions, but
their effectiveness depends on the target model, diagnostic task, hardware platform, and the required
balance between accuracy and efficiency.

This paper further explores a resource-aware deployment framework tailored to industrial devices
with varying computing capabilities. Low-power devices require highly compressed models and
simple local inference; medium-power devices can adopt an approach that combines moderate
compression with edge-cloud collaboration; while high-power platforms can support larger-scale
models while performing complex tasks such as multimodal analysis, model updates, and remaining
useful life prediction. Future research should focus on hardware-aware optimization, adaptive model
selection, multimodal diagnostic models, and evaluation in real industrial environments. Overall,
combining lightweight techniques with hardware-specific deployment strategies is crucial for
achieving accurate, efficient, and reliable industrial fault diagnosis at the edge.
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