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Abstract: With the continuous increase in the complexity and scale of intelligent systems, the demand for mechanical 
equipment maintenance for dynamic cross-domain versatility and human-computer collaborative intelligence has increased. 
The traditional static fault detection and diagnosis (FDD) paradigm, which is tailored to single scenarios and preset 
processes, has begun to exhibit inadequacy, inefficiency, and even unavailability. This paper proposes a cloud-edge-terminal 
collaborative artificial intelligence (CET-CAI) agent for system-level compound FDD (CFDD). The CET-CAI agent 
integrates the interactive and cognitive intelligence of a large language model with the deterministic reasoning capability of 
traditional fault diagnosis models. It can provide flexible dynamic task adaptability and efficient human–computer 
interaction with low communication costs. A novel distributed collaborative Transformer is designed and embedded in the 
edge system, which is specifically designed for multi-subsystem to reduce cross-subsystem signal interference and improve 
the generalization of unseen compound fault combinations. Experimental results on a multicomponent mechanical system 
dataset demonstrate that the proposed CET-CAI agent not only expands the dynamic task applicability of traditional 
diagnostic models, but also improves the robustness and readability of the diagnostic results.

Key words: Cloud-edge-terminal collaborative; Large language model; AI agent; Compound fault detection and diagnosis; 
Distributed collaborative transformer

1.  Introduction

Fault detection and diagnosis (FDD) are essential tasks in intelligent manufacturing, which are crucial for ensuring system 
safety and reliability [1]. With the continuous increase in the scale and complexity of mechanical systems, compound FDD 
(CFDD) involving multiple subsystems has become inevitable. Traditional manual inspection methods are ineffective 
because of the complex signal transmission path and the coupling of multiple subsystem mechanisms. The feasibility of 
mainstream data-driven intelligent solutions has been demonstrated [2–4]. Yang et al. [5] designed a sparse autoencoder-
based deep neural network and applied it to a synthetic case study and bearing vibration dataset to achieve multi-component 
composite fault diagnosis (FD). Zhu et al. [6] proposed a likelihood feature compositional domain generalization network, 
which extracts cross machine invariant fault features through feature likelihood distribution. The effectiveness of the 
compound FD was verified using multiple-bearing test benches. He et al. [7] proposed multiscale spatial–temporal residual 
capsule neural networks for the compound FD of industrial motors. Pu et al. [2] further combined Transformers with graph 
convolution to construct a three-stage hierarchical network that performs feature extraction, label-correlation modeling, and 
graph-based decoupling, achieving decoupled recognition of compound faults on gearbox and bearing datasets. However, 
existing studies still have some limitations:

(1) They are limited to part-level FDD: Most current research usually focuses on laboratory parts [8–10] such as bearings 
and gears. There is more severe feature coupling and interference in system-level signals involving multiple heterogeneous 
sub components, which exacerbates the risk of overfitting in deep learning (DL). In addition, the generalization scenario for 



unseen compound fault combinations is inevitable because it is difficult to obtain all label combinations at the training stage, 
which requires higher generalization performance of zero-shot diagnosis.

(2) Lack of universality and interactivity: Most research is limited to the design of feature extraction strategies and neural 
network models, which only provide quantitative indicators of fault probability and cannot generate comprehensive reports 
that include causal analysis, risk grading, and actionable recommendations. In addition, these solutions typically target a 
single scenario and preset processes, and their static architecture and manual deployment hinder seamless interaction with 
users, other systems or dynamic environments. With the increasing demand for dynamic cross domain universality and 
human artificial intelligence (AI) collaborative intelligence in industrial applications, the inefficiency or unavailability of 
traditional paradigms has become increasingly prominent.

Recently, large-scale language models (LLMs) have received widespread attention owing to their powerful abilities and 
performance in logical reasoning, content generation, and human–computer interactions [11–13]. This general intelligence 
paradigm could solve the above-mentioned problems. Ma et al. [14] proposed a FD reasoning knowledge graph LLM, a 
novel FD pipeline enhanced by a knowledge graph that can assist in analyzing mechanical equipment faults and provide 
reliable guidance. Peng et al. [15] proposed a bearing health management framework that utilizes an LLM to unify multiple 
bearing-related tasks by processing user prompts and vibration signals. Lin et al. [16] proposed a multimodal LLM that maps 
multidimensional time series to fuzzy semantic embeddings through modal alignment, and then uses LLM to perform 
inference to achieve higher fault classification accuracy. Wang et al. [17] treated bearing FD as a visual question-answering 
task using envelope spectrum images combined with professional knowledge to enhance FD, thereby improving 
generalization and interpretability. These studies provide new methods and perspectives for FDD, verifying the potential of 
LLM in FDD. However, most of the LLM-based research mentioned above focuses on language dialogues based on 
knowledge graph retrieval, or on improving the performance of multimodal feature extraction networks by introducing 
images or text. However, these challenges have not yet been fully resolved.

Therefore, this study explores the application paradigm and potential of enabling LLM for system-level CFDD, 
particularly considering multisource signals from multiple subsystem devices containing unseen compound fault 
combinations. We focus on how to integrate the cognitive intelligence of LLMs with traditional small-scale deterministic 
diagnostic models to improve and enhance their diagnostic performance, multitasking adaptability, and human–computer 
interaction capabilities. We propose a cloud-edge-terminal collaborative AI (CET-CAI) agent framework to integrate the 
generalization awareness and human–AI interaction ability of an LLM with the deterministic reasoning ability of traditional 
intelligent FD models. In this framework, the LLM is deployed in the cloud and regarded as a "manager" and "summarizer" 
rather than an "analyst" to achieve task recognition and call for DL models and tools, which is different from previous 
research where LLM is typically used as part of feature extractors and requires additional multimodal data for retraining and 
fine-tuning with high computational costs. A novel distributed collaborative Transformer (DiCoT) is designed and embedded 
as an "analyst" in the edge system to achieve feature extraction, which is specifically designed for multi subsystem to reduce 
cross subsystem signal interference. Finally, the diagnostic results are fed back to the LLM for human–AI interaction. The 
contributions of this study are summarized as follows.

(1) The CET-CAI agent framework is proposed as a feasible LLM-enabled application for system-level CFDD. It can 
dynamically adapt to various tasks of fault detection, diagnosis and human–computer interaction, and reduce high 
development and communication costs of fine-tuning multimodal models and LLM.

(2) DiCoT is designed specifically for multiple subsystems, which particularly considers the heterogeneity and correlation 
between multiple subsystems, significantly improving the generalization of unseen compound fault combinations.

(3) Collaborative strategies based on structured language protocols (SLPs) and batch decision-making are designed for 
coordination between the LLM and traditional small-scale DL models to provide efficient, reliable, and comprehensive 
diagnostic reports.

The remainder of this paper is organized as follows. Section 2 presents the details of the proposed CET-CAI agent 
framework. Section 3 presents the experimental details and results. Finally, Section 4 discusses the study conclusions and 
future work.



2. Proposed CET-CAI agent

2.1. Overall framework

The overall framework of the CET-CAI agent for CFDD is shown in Fig. 1, which includes perception, brain, and action. 
This framework can be formally defined as a six-tuple system.

CET-CAI =< 𝒫,𝜙,𝒜,ℬ,𝒦,𝜓 >                                                   (1)

(1) Terminal layer: 𝒫 is a perception module that includes multisource sensors for collecting industrial signals. This 
module is usually deployed on the terminal layer to sense information. 𝜙 represents application programming interface (API) 
tools (such as normalization, sliding window slicing, file dynamic reading, and initial layers of neural networks).

(2) Edge layer: 𝒜 is an operational module used to perform feature extraction tasks, which includes specialized neural 
networks for feature extraction. This module is recommended to be deployed on edge layer to adaptively and quickly extract 
and compress features, reducing the amount of transmitted signals data and accelerating communication time. Edge layer can 
communicate with the cloud layer to obtain final diagnostic reports and decision guidance for workers to maintain or directly 
control equipment (such as turning on and off for maintenance).

(3) Cloud layer: ℬ represents the brain module, whose core is an LLM used for reasoning decisions, scheduling, and 
human-computer interaction. Considering the inference and computational costs of LLMs, it is recommended to deploy it in 
the cloud. 𝒦 is a domain expertise that stores detailed task elements and rules in JSON format (such as {"Diagnostic 
Object": "Bogie," "Source:" Train," " Model: "DiCoT," "Task": "Diagnosis,"...}); 𝜓 represents the prior prompt, which 
includes role definition 𝑝role and a JSON-based SLP 𝑝slp that defines the interaction specification for the LLM.



 

Fig. 1. Overall framework of the proposed CET-CAI agent for CFDD. AD: anomaly detection.

The perception module 𝒫 uses multiple sensors and human–computer interaction interfaces to obtain multimodal 
information in the environment, such as vibration signals 𝒮 and human text commands 𝐷t. The signals of 𝑀 subsystems are 
further preprocessed and standardized into structured inputs 𝐷s = {𝐷𝑚

s }𝑀
𝑚=1 suitable for the subsequent neural networks:

𝒫:(𝒮,𝐷t)
𝜙
→(𝐷s,𝐷t)                                                           (2)

𝐷s = 𝜙1 ∘ 𝜙2 ∘ ... ∘ 𝜙𝑄(𝒮)                                                        (3)

where ∘  denotes the nesting of multiple APIs. 𝜙1, 𝜙2, …, 𝜙𝑄(𝒮) denote the corresponding preprocessing operators, such as 
classic standardization and unified sliding window operations. Text data with task descriptions are transmitted to the LLM in 
the brain.

ℬ:(𝐷t,ℛ)
𝑝role,   𝑝slp

→ ℐjson,ℋ                                                   (4) 



This process mainly includes reasoning and summarizing tasks. ℋ stores historical diagnostic results, and ℛ denotes the 
diagnostic result set generated in the current round. The LLM first understands its role and SLP based on the prior role 
prompt, 𝑝role, and protocol prompt 𝑝slp, and then receives text content 𝐷t received from the perception module and generates 
key information ℐjson in JSON format based on SLP.

ℐjson = LLM(𝜓 ⊕ 𝐷t) ∼ ∏𝑇
𝑡=1(𝑣𝑡|𝑣<𝑡,𝜓,𝐷t) ⋅ 𝐺(𝑣𝑡―1,𝑣𝑡)                     (5)

where T is the output sequence length, vt is the generated token indexed by 𝑡, G(⋅) is the syntax-state transition function. 𝑣<𝑡 
represents all the token sequences generated before the token indexed by t. And each LLM prompt is generated by 
combining prior prompt 𝜓 and input task text 𝐷t, which guides the LLM to focus on key fields through prefix injection and 
limits the generation space. The generation process of JSON format can be represented as constraining the conditional 
probability of the token sequences through syntax state transition functions.

𝐺( ⋅ ) = 1 if (𝑣𝑡―1,𝑣𝑡) conforms to JSON syntax
0 otherwise                            (6)

Note that this process does not rely on manually designed workflows and fixed-call strategy pipelines, but is entirely 
determined by the LLM to organize and coordinate multiple small-scale models and tools, utilizing task-aware reasoning and 
language-based interaction to effectively integrate and utilize the current LLM’s cognitive intelligence to cope with dynamic 
multitasking. Based on the key information generated by the LLM, precise and detailed JSON instructions ℐ∗

json are retrieved 
from professional knowledge 𝒦. The action module calls the corresponding feature extraction model 𝑓∗ in the neural 
network library based on ℐjson to process signal data 𝐷s from the perception module. This process is implemented using a 
small-scale diagnostic model with deterministic discriminative intelligence, which can alleviate the illusion risk of the LLM 
and avoid relying on unconstrained language reasoning in safety critical decisions. The probability obtained by the 
professional neural network is mapped into diagnostic results ℛ based on retrieved knowledge base 𝒦, and the final result is 
generated by the LLM of the brain and saved in memory:

ℋ𝜏+1 = ℋ𝜏 ∪ ℛ𝜏+1,LLM(ℛ𝜏+1 ⊙ 𝒦)                                                  (7)

where ℋ𝜏 represents the historical results of the previous 𝜏 rounds of diagnosis, allowing users to view the results of 
multiple diagnoses. This design enables the LLM to provide more accurate maintenance recommendations and decisions 
through batch results, thereby improving diagnostic accuracy while fully utilizing interactive capabilities to simplify 
engineering operations. Operators can easily activate multiple AI models through dialogue to respond flexibly to various task 
diagnoses and avoid relying on professional AI deployment and knowledge development.

2.2. Structure of DiCoT

The design of neural networks for feature extraction is at the core of addressing the CFDD challenge, which should fully 
consider the characteristics of the diagnostic object and signal to achieve high performance. Unlike most previous studies on 
simple components, this study focuses on system-level multicomponent systems, where there is significant heterogeneity 
between subsystems such as bearings and gearboxes; however, there are also potential correlations owing to the rigid 
connections between them. Most traditional FDD solutions use a single neural network model to centralize feature extraction 
from multiple sensors, which may further amplify the risk of overfitting caused by the heterogeneity of multiple subsystems, 
particularly in more challenging generalization scenarios involving unseen compound fault combinations. Therefore, a 
distributed collaborative modeling architecture is proposed, as shown in Fig. 2, to embed the action module of the AI agent 
in the edge system, specially addressing the system-level CFDD. The distributed multibranch structure of DiCoT explicitly 
decouples these features, allowing independent attention mechanisms to learn component-specific representations. To 
demonstrate the necessity of this distributed design over centralized approaches rigorously, we provide a theoretical analysis 
based on optimization dynamics and probabilistic factorization.



Fig. 2. Architecture of the DiCoT. Each P-interface can be deployed on the terminal for data compression, and subsequent 
layers can be placed on edge devices. Each subsystem corresponds to a type of component. UCP: unified convolutional patch; 
MLP: multilayer perceptron; Conv: convolution; N: number of temporal patches; Nblock: number of stacked encoder blocks.

Let 𝑥 = [𝑥1,…,𝑥𝑀] denote the multisubsystem input signals (e.g., gearbox, bearing, and axle box), where 𝑥𝑚 belongs to the 
input space of the subsystem indexed by m, and let 𝑦 = [𝑦1,…,𝑦𝑀] denote the corresponding subsystem-wise fault labels. 
Consider a centralized diagnostic model 𝑓𝜃(𝑥) trained by minimizing the empirical risk (ℒ(𝜃)):

ℒ(𝜃) = 𝔼(𝑥,𝑦)[𝓁(𝑓𝜃(𝑥),𝑦)]                                                            (8)

where 𝓁( ⋅ ) denotes the differentiable surrogate loss (e.g., binary cross-entropy), and 𝔼(𝑥,𝑦) denotes the expectation over the 
data distribution.

For system-level CFDD, gradient amplitude dominance and conflict are the key issues. Owing to the heterogeneous 
signal-to-noise ratios and energy scales among the subsystems, it is common that ∥ 𝑥𝑚 ∥≫∥ 𝑥𝑚′ ∥  (e.g., high-energy gearbox 
vibrations dominate weak bearing signals). For centralized encoders with shared parameters 𝜃 (e.g., a shared convolutional 
kernel 𝑊), the gradient of the loss with respect to parameters scales with the input magnitude

∂ℒ
∂𝑊 = ∂ℒ

∂ℎ ⋅ ∂ℎ
∂𝑊  ∝  𝑥                                                                          (9)

where ℒ is the empirical loss, h is the intermediate representation. This implies  that gradient updates are dominated by high-
energy subsystems, that is, ∥ ∇𝜃𝑚ℒ ∥≫∥ ∇𝜃𝑚′

ℒ ∥ , where ∇𝜃𝑚ℒ and ∇𝜃𝑚′
ℒ denote the gradient components associated with 

subsystem indices m and m’, respectively. Moreover, heterogeneous discriminative cues across subsystems may induce 
gradient conflict, characterized by negative cosine similarity

cos ∇𝜃𝑚ℒ,∇𝜃𝑚′
ℒ < 0                                                      (10)

leading to destructive interference in the shared parameters and suppressing the optimization of weak but informative fault 
features. These effects indicate that unconstrained parameter sharing is suboptimal for heterogeneous system-level CFDD, 
motivating the explicit architectural decoupling of the gradient propagation paths.

To address the above gradient dominance and conflict at the modeling level, DiCoT adopts a distributed multibranch 
structure

𝑓(𝑥) = 𝑔(ℎ1(𝑥1),…,ℎ𝑀(𝑥𝑀),ℎFP(𝑥))                                         (11)

where 𝑔( ⋅ ) denotes the fusion function that aggregates the subsystem-specific branches and the FP branch. This aligns with 
a standard factorization assumption commonly used in Bayesian diagnosis:

𝑃(𝑦∣𝑥)  ≈  𝑃 𝑦coupling∣𝑥 ⋅ ∏𝑀
𝑚=1 𝑃(𝑦𝑚∣𝑥𝑚;𝜃𝑚)                               (12)



where 𝑦coupling  denotes the coupling-dependent system state that captures cross-subsystem interactions.

This formulation explicitly separates subsystem-specific likelihoods from shared coupling effects, enabling each branch 
ℎ𝑚 to focus on component-specific representations, whereas the fusion module ℎFP captures the global system interactions. 
Importantly, this factorization constrains the information and gradient flow across subsystems by design, rather than relying 
on implicit regularization.

From an optimization perspective, this design achieves decoupling optimization based on Block-diagonal Hessian 
matrices, effectively reducing the gradient conflicts between parameters. Let us partition the parameter set as 𝜃 =
(𝜃1,…,𝜃𝑀,𝜃FP), where 𝜃𝑚 corresponds to the subsystem branch indexed by m, and 𝜃FP corresponds to the fusion module. 
Under the factorized structure above, the empirical loss can be written as

ℒ(𝜃)  ≈  ∑𝑀
𝑚=1 ℒ(𝜃𝑚,𝜃FP)                                                      (13)

which implies that the cross-partial derivatives between the independent branch parameters are negligible:

∂2ℒ
∂𝜃𝑚 ∂𝜃𝑚′

  ≈  0                                                                 (14)

Consequently, the Hessian matrix exhibits an approximately sparse, bordered, and block-diagonal structure:

𝑯 = ∇2
𝜃ℒ  ≈  

𝐻1 0 ⋯ 𝐶1
0 𝐻2 ⋯ 𝐶2
⋮ ⋮ ⋱ ⋮

𝐶𝑇
1 𝐶𝑇

2 ⋯ 𝐻FP

                                               (15)

where 𝐻𝑚 represents the curvature associated with subsystem index 𝑚 and 𝐶𝑚 captures its coupling with the fusion module. 
The absence of strong off-diagonal interactions between the subsystems indicates reduced parameter interference, which 
theoretically stabilizes the optimization and supports compositional generalization to unseen compound fault combinations.

Guided by this theoretical framework, we use advanced DL components to establish a DiCoT architecture that effectively 
captures long-term dependencies within decoupled branches. Specifically, Transformer structures have a high potential for 
large-scale complex information and are being applied in FDD. Developing effective patch techniques can better adapt to the 
discreteness of temporal signals and reduce computational consumption compared to directly applying the original 
Transformer. We adopt a convolutional operation with a large stride and kernel to construct a unified convolutional patch 
(UCP) interface, as shown in Fig. 2, which not only integrates the local perception advantages of a convolutional neural 
network (CNN) but also efficiently unifies heterogeneous shape inputs from different branches through feature 
dimensionality reduction with lower computational costs. This process can be deployed within sensors along with signal 
slicing and can be standardized based on fog-computing technology [18–20]. This means that sensors do not transmit large-
scale raw data to the edge system, but rather transmit compressed features. In this experiment, the original dimensions of the 
largest subsystem were reduced from 512 ×  10 to 32 ×  64 and the amount of data required to be transmitted was reduced 
by 60%. The patch indexed by 𝑛 in subsystem interface 𝑚 can be represented as: 

𝑝(𝑛,𝐷)
𝑚 = {𝑝(𝑛,𝑑)

𝑚 }𝐷
𝑑=1 = {∑𝐿𝑝

𝑙=1 ∑𝐶
𝑐 𝑥(𝑠(𝑛―1)+𝑙,𝑐)𝑤(𝑙,𝑐)

𝑑 }𝐷
𝑑=1                           (16)

where 𝑤(𝑙,𝑐)
𝑑  is the weight of the convolution kernel, and 𝑥(𝑠(𝑛―1)+𝑙,𝑐) is the corresponding value of the convoluted signal. 𝐷 

and 𝑠 are the number of convolution kernels and convolution stride, respectively. c and C denote the channel index and the 
total number of channels, respectively. This operation is consistent with the calculation pattern of a one-dimensional 
convolution, where the length of the convolution kernel is equal to the consistency of mapping range 𝐿𝑝 corresponding to the 
generated patch. Its stride is set to half that of the convolution kernel.



Considering the coupling correlation between multiple subsystems, a fusion perception (FP) module is proposed to extract 
the correlation features between UCPs, as shown in Fig. 3. Multiple independent UCP features are connected into 𝑝(𝑁,𝑀×𝐷)

= {{𝑝(𝑛,𝐷)
𝑚 }𝑀

𝑚=1}𝑁
𝑛=1, which aligned in the time dimension. Owing to the different feature scales of different subsystems, a 

multiscale feature extraction strategy is adopted to enhance the comprehensiveness of the features, which can achieve scaling 
with a distance of 𝑟 between two elements based on a dilated convolution with 𝐷𝑟 kernels:

𝑝(𝑛,𝐷𝑟)
𝑟 = {∑𝐿𝑟

𝑝
𝑙=1 ∑𝑀×𝐷

𝑑=1 𝑝(𝑠(𝑛―1)+1+𝑟⋅(𝑙―1),𝑑)
𝑚 𝑤(𝑙,𝑑)

𝑑𝑟
}𝐷𝑟

𝑑𝑟=1                         (17)

𝑝(𝑛,𝐷𝑟) = ∑𝑁𝑟
𝑟=1 𝑝(𝑛,𝐷𝑟)

𝑟
𝑁𝑟

                                                         (18)

where 𝐿𝑟
𝑝 and {𝑀 × 𝐷} are the length and width of the one-dimensional dilated convolution kernel, respectively. 𝐷𝑟 is the 

number of convolution kernels for the dilated convolution. The stride of the dilated convolution is usually set to 1 to reduce 
information loss. 𝑁𝑟 is the number of branches at different scales. 𝑝(𝑛,𝐷𝑟)  denotes the fused multiscale correlation feature.

Fig. 3: The structure of FP. Pruning targets the 𝑁 + 1 patches before the attention mechanism. Dconv: dilated convolution.

Internal external position coding [21] is added to continue the design approach of the Transformer architecture, providing 
learning for encoding the position information between and within patches:

𝑝(𝑁+1,𝐷𝑟)
𝑟 = 𝑝(0,𝐷𝑟);𝑝(𝑁,𝐷𝑟) + 𝑝𝑖𝑒                                              (19)

where 𝑝𝑖𝑒  denotes the internal-external positional encoding. Considering the significant interference features in the coupling 
information between multiple subsystems, we designed a pruning structure to obtain weight 𝑊𝑝, including layer 
normalization (LN), residual connections, and a multi-head self-attention module (MSA):

𝑊𝑝 = 𝑓tanh 𝑓ln 𝑓msa 𝑓ln 𝑝(𝑁+1,𝐷𝑟)
𝑟 + 𝑝(𝑁+1,𝐷𝑟)

𝑟                          (20)

where 𝑓ln( ⋅ ), 𝑓msa( ⋅ ), and 𝑓tanh( ⋅ ) denote layer normalization, multi-head self-attention, and Tanh activation, 
respectively.



This operation through the attention mechanism is equivalent to measuring the degree of mutual correlation within 
different time blocks to obtain weight 𝑊𝑝={{𝑤(𝑛,𝑑𝑟)

𝑝 }𝐷𝑟
𝑑𝑟=1}𝑁+1

𝑛=1 . The larger the value of 𝑊𝑝 through the attention mechanism, 
the more significant the common global correlation features involved in this feature. The weight 𝑊𝑛

𝑠  of the temporal patch 
indexed by n  is calculated through a summation operation on the dimension of the patch:

𝑊𝑛
𝑠 = ∑𝐷𝑟

𝑑𝑟=1 𝑤(𝑛,𝑑𝑟)
𝑝                                                         (21)

The patch indices, 𝐼𝑘 = {𝑛,𝑊𝑛
𝑠 ∈ Top𝐾(𝑊𝑠)}, corresponding to the first 𝐾 values in the weight vector are exported to 

guide the retention of the key patches:

𝑝𝑟
(𝐾,𝐷𝑟) = 𝑝𝑟

(𝑁+1,𝐷𝑟)[𝐼𝑘] = {𝑝𝑟
(𝑘,𝐷𝑟)}𝐾

𝑘=1                                     (22)

The correlation features, 𝑝𝑟
(𝐾,𝐷𝑟), of the subsystems after pruning are connected to the independent features extracted by 

each UCP and then synchronously input into the subsequent subnetworks as independent branches. The subnetworks 
continue the design of the Transformer encoder structure, including LN, a MSA mechanism, fully connected layers, and a 
residual structure, as shown in Fig. 2.

Each subnetwork independently outputs the predicted results of the corresponding subsystem based on a multilabel 
classifier to avoid interference between the final decision features of different structural components.

𝐿𝑚(𝑦𝑚
𝑖 ,𝑧𝑚

𝑖 ) = ―
1
𝑛𝑐

∑𝑛𝑐[𝑦𝑚
𝑖 ⋅ 𝑙𝑜𝑔(𝑧𝑚

𝑖 ) + (1 ― 𝑦𝑚
𝑖 ) ⋅ 𝑙𝑜𝑔(1 ― 𝑧𝑚

𝑖 )]             (23)

where 𝑧𝑚
𝑖  and  𝑦𝑚

𝑖  are the predicted results and the corresponding true labels for the sample indexed by 𝑖 in the subsystem 
indexed by 𝑚, respectively. 𝑛c denotes the number of categories corresponding to this subsystem. 𝐿𝑚 is the loss of the sub-
network indexed by m. For each round of DiCoT training on the sample indexed by i, a collaborative loss 𝐿col is output as 
follows:

𝐿col {𝑦𝑚
𝑖 }𝑀

𝑚=1,{𝑧𝑚
𝑖 }𝑀

𝑚=1 = 1
𝑀∑𝑀

𝑚=1 𝐿𝑚(𝑦𝑚
𝑖 ,𝑧𝑚

𝑖 )                           (24)

2.3. Collaborative strategies

Unlike the traditional fixed neural network output probability pattern, the proposed AI agent can utilize the LLM to call 
diverse tools and functions to achieve collaborative summarization and reporting. Traditional diagnostic decision-making 
models use sample-predicted values to obtain results with high real-time performance. However, the limited available 
information within a single window makes it prone to overfitting and false positives because not all windows in the signal 
segment contain fault information. Therefore, batch decision-making is beneficial for improving the accuracy of diagnosis 
and reducing false positives. Let the signal output in a batch be

𝑃𝑏 = {𝑧𝑖}𝑏
𝑖=1 =

𝑧1
1 ⋯ 𝑧𝑁c

1
⋮ ⋱ ⋮

𝑧1
𝑏 ⋯ 𝑧𝑁c

𝑏

                                                     (25)

where 𝑁c is the total value of the state categories that contain all the subsystems, zi is the prediction vector indexed by i, and 
b is the  batch number of decision samples. After rounding, the batch sliding window samples from the same signal source 
ware averaged to obtain the final decision probability 𝑅.

𝑅 = 1
𝑏∑𝑏

𝑖=1 Round(𝑃𝑏) = 𝑧1,𝑧2,...,𝑧𝑁c
                                    (26)

where Round(⋅) denotes element-wise rounding, and 𝑧𝑁c is the final batch-averaged decision vector., 



This batch decision-making strategy can improve the stability of the diagnostic results and reduce false alarm rates. In 
addition, the LLM can integrate the results of multiple tasks for batch judgment. For example, when abnormal detection and 
FD problems occur simultaneously, the LLM receives two prediction results, 𝑅AD and 𝑅FD, and then provides comprehensive 
recommendations based on these results

(𝑅AD,𝑅FD)
𝒦
→(ℛAD,ℛFD,𝐷t)

LLM
→ ℋ                                            (27)

where ℛAD and ℛFD are the readable texts of the AD and FD models mapped by the knowledge base, respectively. These 
multitasking results are uniformly input into the LLM to obtain comprehensive multitasking reports and are saved as ℋ. 
Through the above paradigm, the LLM collaborates with professional small-scale models to address diverse CFDD 
challenges and provide readable and comprehensive reports, including a summary and analysis of small-scale specialized 
model (SSM) diagnosis results, feasibility evaluation of the model and diagnosis results, further root cause analysis, as well 
as subsequent maintenance strategies and recommendations.

Table 1 

Label description.

Component Label State

M0 Normal

M1 Short circuit

M2 Broken rotor bar

M3 Bearing fault

Motor

M4 Bowed axis

G0 Normal

G1 Gear cracked tooth

G2 Gear worn tooth

G3 Gear missing tooth

G4 Gear chipped tooth

Gear

G5 Bearing inner race fault



Component Label State

G6 Bearing outer race fault

G7 Bearing rolling element fault

G8 Bearing cage fault

LA0 Normal

LA1 Bearing inner race fault

LA2 Bearing outer race fault

LA3 Bearing rolling element fault

Axle box (left)

LA4 Bearing cage fault

RA0 Normal

Axle box (right)

RA1 Bearing inner race fault

3. Experiment

3.1. Experimental setup

A system-level dataset of a multicomponent mechanical system is used to validate the effectiveness of the proposed 
solution. It is constructed as a proportionally replicated system-level platform with the same mechanical topology as that of a 
real industrial bogie transmission system [22,23]. The experimental platform includes motors, gears, and axle boxes, all of 
which are representative core transmission components that operate synchronously and are coupled. It contains synchronized 
subsystems, coupled transmission paths, and heterogeneous multisensor measurements collected under controlled operating 
conditions. The detailed fault categories and corresponding labels are shown in Table 1. Unlike previous single-fault 
datasets, this dataset includes complex component-level and system-level-associated compound faults. The compound fault 
scenarios in this dataset are not synthesized by mathematically concatenating the single-fault signals. Instead, they are 
generated through simultaneous physical fault injection on the high-speed train bogie system. Consequently, the collected 
vibration signals capture the nonlinear mechanical coupling and cross-subsystem structural interference inherent to real-
world machinery. The data for each system state were obtained from 24 sensors distributed across various subcomponents, 
with a sampling frequency of 64 kHz. We chose the operating condition of driving the motor at a speed of 20 Hz for 
verification, and the specific dataset division is shown in Table 2 and Fig. 4. Notably, the setting of the test samples does not 
focus on source domain diagnosis or different operating condition diagnosis of the same category as in previous works, but 
rather on a more realistic challenge of locating unseen compound fault combinations. This approach is more closely aligned 
with engineering requirements because it is difficult to ensure that a combination of compound faults occurs during training. 



The experiment comprehensively demonstrated the effectiveness and superiority of the proposed approach in multiple 
dimensions:

(1) Diagnostic performance of the proposed DiCoT.

(2) Function expansion and improvement for the AI agent.

(3) Communication costs of the collaborative framework.

Fig. 4. Experimental setup. The fault types of the samples in the training and testing sets are different, which are independent 
of each other without data leakage. 

The comparative experiment consisted of two tasks: AD and FD. AD is mainly used for the coarse-grained determination 
of abnormalities in the components of the bogie system, whereas FD is used to directly diagnose the type of fault. For 
example, the label of M0_G0_LA1 + LA2 + LA3 + LA4_RA0 in AD is [0,0,1,0], and the label in FD is [1,0,0,0,0, 
1,0,0,0,0,0,0,0, 0,1,1,1,1,0]. The hyperparameters of DiCoT are listed in Table 3, inheriting a lightweight design [21]. Some 
advanced methods, including WDCNN [24], TFSCL [25], MSMCNN [26], ASFCNN [27], MSRCN [7], PathGCN [28], 
DPC-MGCN [29], data-based LLM FD (DLLM) [30], are selected for training to compare their performance on independent 
tasks with DiCoT. In this dataset, the signals of each composite fault type are collected in an independent file. Each file is 
randomly sampled based on a sliding window of length 512 to obtain 500 training samples. The total number of training 
samples is 20500. All the models are trained using the Adam algorithm for 20 epochs with a learning rate of 0.001. The 
proposed DiCoT model has parameters of 3.3 × 106, which can be considered a small lightweight model. To avoid 
randomness in training the neural networks, we repeat the complete experimental process five times, including data slicing, 
model training, and the evaluation of a test set containing 5000 samples.

Table 2 

Dataset settings.

Role Number Type

Train 1 M0_G0_LA0_RA0



Role Number Type

2 M1_G0_LA0_RA0

3 M2_G0_LA0_RA0

4 M3_G0_LA0_RA0

5 M4_G0_LA0_RA0

6 M0_G1_LA0_RA0

7 M0_G2_LA0_RA0

8 M0_G3_LA0_RA0

9 M0_G4_LA0_RA0

10 M0_G5_LA0_RA0

11 M0_G6_LA0_RA0

12 M0_G7_LA0_RA0

13 M0_G8_LA0_RA0

14 M0_G0_LA1_RA0

15 M0_G0_LA2_RA0

16 M0_G0_LA3_RA0

17 M0_G0_LA4_RA0

18 M0_G4 + G5_LA0_RA0



Role Number Type

19 M0_G2 + G5_LA0_RA0

20 M0_G3 + G5_LA0_RA0

21 M0_G1 + G5_LA0_RA0

22 M0_G0_LA1 + LA2_RA0

23 M0_G0_LA1 + LA2 + LA3 + LA4_RA0

24 M0_G0_LA2 + LA4_RA0

25 M0_G0_LA1 + LA2+LA3_RA0

26 M2_G0_LA1_RA1

27 M2_G3_LA0_RA0

28 M1_G3_LA0_RA0

29 M1_G5_LA0_RA0

30 M4_G5_LA0_RA0

31 M1_G0_LA1_RA0

32 M3_G0_LA1_RA0

33 M1_G0_LA1_RA1

34 M0_G0_LA1_RA1

35 M0_G3_LA1_RA0



Role Number Type

36 M1_G5_LA1_RA1

37 M4_G3_LA1_RA1

38 M4_G5_LA1_RA0

39 M2_G5_LA1_RA0

40 M1_G3_LA1_RA0

41 M4_G0_LA1_RA0

1 M0_G0_LA1 + LA2 + LA4_RA0

2 M0_G0_LA2 + LA3_RA0

3 M1_G5_LA1_RA0

4 M2_G0_LA1_RA0

5 M2_G3_LA1_RA0

6 M2_G5_LA0_RA0

7 M3_G3_LA0_RA0

8 M3_G5_LA0_RA0

9 M4_G3_LA0_RA0

Test

10 M4_G3_LA1_RA0



Table 3 

Experimental hyperparameters.

Hyperparameter Description Value

𝐿 Length of each sample channel 512

𝑀 Number of subsystems 4

𝐷 Number of convolution kernels 64

𝐿𝑝 Length of UCP 32

𝑠 Stride of UCP 16

𝐷𝑟 Number of dilated convolution kernels 64

𝐿𝑟
𝑝 Length of dilated convolution kernels 3

𝑁𝑟 Number of branches at different scales 3

𝑁block Number of stacked encoder blocks 5

𝐾 Number of pruned patches 10

𝑏 Batch number of decision samples 100

However, traditional SSM relies on preset static processes and fixed output labels, which cannot meet the requirements of 
dynamic random tasks. Traditional SSM can be seamlessly integrated into the action module of the AI agent frameworks 
with greater flexibility. DeepSeeker R1-8B is selected as the LLM. The proposed AI agent-based framework can enhance the 
performance of independent tasks with batch decision-making mechanisms as well as meet the requirements of dynamic 
random tasks based on text prompts, as shown in Fig. 4.

Table 4 

Experimental diagnostic results. SD represents the standard deviation.

Method AD FD



Accuracy (%) SD F1 (%) SD

WDCNN 86.71 1.476 59.48 0.0117

MSMCNN 84.84 0.992 57.30 0.0155

MSRCN 89.92 1.096 67.60 0.0144

ASFCNN 82.96 1.425 48.99 0.0097

TFSCL 85.16 2.123 70.99 0.1357

PathGCN 83.81 2.493 50.97 0.0556

DPC-MGCN 81.54 2.498 54.63 0.0396

DLLM 89.00 0.890 67.34 0.0038

DiCoT-FP 87.36 0.666 72.28 0.0061

DiCoT-Di 86.55 1.825 68.37 0.0057

DiCoT 91.37 0.022 75.94 0.0059

The bold font represents the best result in each column.

3.2. Comparison of diagnostic performance

The average values of the five results are summarized in Table 4. The experimental results show that both AD and FD 
tasks for unseen compound fault generalization are challenging. Some advanced models can achieve 100% accuracy on the 
training set and over 95% generalization under tasks of varying speeds (but consistent diagnostic categories). However, the 
feasibility and generalization performance of the results decrease rapidly for samples with unseen category combinations.

For the AD tasks, the accuracy of most models does not exceed 90%. Some models with hybrid feature extraction 
strategies perform better than models with CNN architectures. For example, MSRCN based on capsule neural networks 
achieved an accuracy of 89.92%, and DLLM based on the Transformer architecture achieved an accuracy of 89%. The 
accuracy of the proposed DiCoT reaches 91.37% with a low standard deviation of only 0.022, which is superior to that of all 
the comparison methods. We conducted ablation experiments by removing the proposed FP module and the distributed 
architecture. The performance of the ablated models decreased to 87.36% and 86.55%, verifying the effectiveness of both 
designs.

For challenging FD tasks, the performance degradation of most models was significant. Some models had F1 scores lower 
than 60%. Models with special design strategies exhibited better performance. For example, the signal processing-informed 



TFSCL model achieved an F1 score of 70.99%, which is better compared to those of most CNN-based models such as 
WDCNN with 59.48% and MSMCNN with 57.30%. The F1 scores of MSRCN based on the capsule neural network and 
DLLM based on the Transformer architecture in FD task are 67.60% and 67.34%, respectively. The proposed DiCoT model 
achieved the highest F1 score of 75.94% among all methods. After removing the FP module, the F1 score of DiCoT-FP is 
72.28%, which is still higher than that of TFSCL. After removing the distributed design architecture, the F1 score of DiCoT-
Di is 68.37%. This indicates that the integration of perception modules and the distributed architecture effectively improves 
the performance of FD tasks. To facilitate a deeper understanding of model performance across different mechanical 
components, Table 5 presents the subsystem-level evaluation metrics, including F1-score, precision, and recall. It can be 
observed that the diagnostic difficulty of different components varies, as there are significant differences in label space 
categories, specifically for the compositional generalization of gear systems. Most DL models struggle to extract effective 
features, with F1 scores exceeding 30%. For the left axle box, WDCNN and the other methods achieved only 59.34% F1. 
However, the DiCoT series maintained high robustness, exceeding the baseline by more than 20%. The proposed DiCoT 
maintains the most balanced and consistent performance among all four subsystems, and this distributed structure can 
alleviate the interference between different subsystems in a multicomponent composite FD, thereby reducing the risk of 
overfitting.

Table 5

Comparison of subsystem level indicator results.

Motor Gear Left Axle Box Right Axle Box

Method

Precision Recall F1 Precision Recall F1 Precision Recall F1 Precision Recall F1

WDCNN 51.85 42.00 46.41 39.56 36.01 37.70 59.34 53.99 56.54 94.95 93.99 94.47

MSMCNN 81.08 30.00 43.80 31.08 23.01 26.44 73.68 41.99 53.50 100 100 100

MSRCN 68.13 61.99 64.92 46.94 45.99 46.46 69.39 68.00 68.69 91.43 96.01 93.66

ASFCNN 38.30 17.99 24.49 30.51 17.99 22.64 37.10 23.01 28.40 99.00 99.00 99.00

TFSCL 88.31 68.01 76.84 41.89 30.99 35.63 70.11 61.01 65.24 100 100 100

PathGCN 42.11 23.99 30.57 39.76 33.01 36.07 56.63 47.02 51.37 95.15 97.99 96.55

DPC-MGCN 55.93 33.02 41.51 29.27 23.99 26.37 50.00 46.99 48.45 92.93 91.99 92.46

DLLM 76.47 51.99 61.90 34.07 30.99 32.46 73.03 64.99 68.78 95.00 95.00 95.00

DiCoT-FP 75.26 72.99 74.11 35.05 34.01 34.52 92.71 89.01 90.82 100 100 100



DiCoT-Di 69.47 65.99 67.69 40.22 36.99 38.54 66.35 69.01 67.65 91.92 91.01 91.46

DiCoT 75.51 74.01 74.75 44.34 46.99 45.63 87.88 87.04 87.44 100 100 100

The bold font represents the best result in each column. 

To further demonstrate the impact of the model structure on performance, visualization based on t-distributed stochastic 
neighbor embedding (t-SNE) is performed, as shown in Fig. 5. The decision layer and final output features of the three 
DiCoT subnets are visualized on the AD task. It can be observed that different subnets focus only on the label features 
related to the subsystems. For example, L0 and L1 in Fig. 5(a) form clusters. The motors in these two samples are normal, 
whereas those in the remaining samples are abnormal. The L5 to L8 samples shown in Fig. 5(c) form clusters. The axle 
boxes in these samples are normal, whereas those in the remaining samples are abnormal. This phenomenon indicates that 
the distributed structure can focus on the corresponding subsystem features, thereby avoiding feature interference caused by 
significant structural differences between the different subsystems. This further demonstrates the effectiveness of the 
proposed module, which is one of the main reasons for the superiority of the distributed architecture. In addition, distributed 
networks decouple compound labels through a structural design to ensure independence between sublabels and reduce the 
coupling interference caused by changes in label combinations. The final output successfully classified all the samples, 
forming three major clusters: [1,1,0,0], [0,0,1,0], and [1,1,1,0].

Fig. 5. Visualization of t-SNE for decision layer features. (a) Motor; (b) Gear; (c) Axle box; (d) System. L0–L9 represents 
nine types of samples. [1,0,1,0] represents abnormalities in the motor and left turn axle box. 

3.3. Function improvement empowered by AI agent

The proposed AI agent can directly improve the generalization and diagnostic stability of SSMs through batch decision-
making. The mean of the five experimental results is listed in Table 6. It can be observed that the performance of all SSMs 
improved under the architecture of the AI agents. For example, in AD tasks, the accuracy of WDCNN and MSRCN 
increased by 6.29% and 3.08%, respectively, both reaching 93.0%. On the more challenging FD tasks, the improvement is 
more significant, with PathGCN’s F1 score increasing by 20.19% and DPC-MGCN’s F1 score increasing by 20.48%. 
TFSCL and DLLM, which originally performed well on FD tasks, achieved growth rates of 9.78% and 13.95%, respectively, 
under LLM coordination. The proposed DiCoT model achieved the best results, with an accuracy of 93.5% and an F1 score 



of 82.85%. This further demonstrates the superiority of the designed DiCoT network and the effectiveness of LLM’s global 
perspective and batch decision-making.

Table 6 

Performance improvement results of LLM-based batch decision-making. 

AD FD

Method

Accuracy (%) GR (%) F1 (%) GR (%)

WDCNN 93.0 +6.29 77.47 +17.99

MSMCNN 85.5 +0.66 71.86 +14.56

MSRCN 93.0 +3.08 79.48 +11.88

ASFCNN 88.5 +5.54 67.79 +18.80

TFSCL 85.5 +0.34 80.77 +9.78

PathGCN 90.0 +6.19 71.16 +20.19

DPC-MGCN 89.0 +7.46 75.11 +20.48

DLLM 92.5 +3.50 81.29 +13.95

DiCoT-FP 87.5 +0.14 78.81 +6.53

DiCoT-Di 90.0 +3.45 80.94 +12.57

DiCoT 93.5 +2.13 82.85 +6.91

GR: the growth rate compared to SSM static tasks.

To further demonstrate the effectiveness of global batch decision-making, we visualized the prediction results of a batch 
decision-making SSM for gearbox faults, as shown in Fig. 6. It can be observed that out of 100 consecutive diagnoses, 77 of 
the SSM diagnostic results had a fault probability exceeding 0.5, indicating correct judgment. There were 23 diagnostic 
results with a probability below 0.5 that failed to detect abnormalities, resulting in false alarms. This may be because the 
fault information does not appear at every moment in a signal, which is common in industrial practice. By utilizing the 



global decision-making of AI agents, these impacts can be further reduced to improve the credibility and precision of the 
decisions.

In addition to intuitive improvement in decision-making performance, the core advantage of the CET-CAI agent 
framework is its flexibility and universality, which can provide more humanized and intelligent suggestion generation 
capabilities for diagnostic tasks. Traditional feature extraction models can only handle static preset tasks through manual 
deployment and invocations. By seamlessly integrating SSM into the proposed AI agent architecture, more flexible and 
comprehensive functionality can be achieved to address a wider range of tasks. We develop a software interface as a case 
study based on the CET-CAI agent, as shown in Fig. 7. It can be observed that the AI agent can dynamically organize and 
call multiple SSMs synchronously for multitask diagnosis and collaborative decision-making by processing unstructured 
language instructions from humans, without being limited to specific preset scenarios or task types. Moreover, the output of 
the system is not just a simple probability of failure but also includes a wider range of textual reports, including potential 
root cause analysis, reliability of diagnostic results, and subsequent technical optimization and maintenance 
recommendations. Therefore, this architecture with higher human-like cognitive intelligence provides a powerful and 
scalable platform for solving complex problems that require multiple models, multistage collaboration, and human–computer 
interaction. Its application potential significantly exceeds the current scope of anomaly detection and FD. Notably, CET-CAI 
agents are positioned as auxiliary decision supports in industrial practice, rather than as substitutes for human expert 
decision-making. This follows the positioning of most current intelligent diagnostic technologies. In several real-world 
diagnostic scenarios, human operators combine model outputs with domain knowledge, environmental operating conditions, 
and safety regulations. In addition, the quantitative evaluation of user experience, operator workflow delays, and technicians’ 
trust in the maintenance recommendations derived from this technology are topics worthy of future research. More attention 
should be paid to these human-computer interaction challenges.

Fig. 6. Batch decision results. Std: standard deviation.



Fig. 7. The software system interface of CET-CAI agent.

3.4. Communication costs of CET-CAI agent

The main task of the CET-CAI agent is to address the precise business response, real-time response, and dynamic scenario 
generalization requirements in industrial general intelligence, which is different from traditional cloud computing and 
general AI agents used for daily human business. For intelligent FD methods, most DL-based models directly process raw 
vibration signals in an end-to-end manner, particularly deep convolution and Transformer-based models that rely on high-
resolution time series inputs. Domain-adaptive diagnostic methods and LLM related methods require access to target domain 
signals for additional training, fine-tuning, or feature extraction. These settings typically require cloud deployment; 
additionally, they incur significant communication and deployment costs. The proposed CET-CAI intelligent agent 
reconstructs the diagnostic paradigm through cloud-edge collaboration, with special consideration given to the data 
transmission costs and real-time requirements from the design of DiCoT. The relevant parameter settings are as follows: set 
the original vibration data of the terminal to 512 × 24 sampling points (corresponding to 49152 bytes), and compress it into a 
20 × 64 feature matrix (corresponding to 5120 bytes) at the terminal using Eq. (16). The transmission from the terminal to 
edge devices uses 1 Mbps broadband with an additional 10% data encapsulation overhead, whereas the transmission from 
edge devices to the cloud uses a 0.5 Mbps network with an additional 15% data encapsulation overhead. The performance 
comparison of the frameworks is presented in Table 7.

Table 7

Framework performance comparison for 100 diagnostic results.

Traditional cloud computing Proposed CET-CAI agentStage

Expression Value Expression Value

Improvement

Terminal collection (ms) 100 × 8 800 100 × 8 800 0



Terminal to edge (ms) — — 100 × (5120 × 1.1)/(1 Mbps) 5632 —

Edge computing (ms) — — 10 × 100 1000 —

Edge to cloud (ms) 100 × (49152 × 1.15)/(0.5 Mbps) 11311 1 × (8400 × 1.15)/(0.5 Mbps) 193 98.29%

Reaction time (s) (800 + 11311) × 10−3 12.104 (800 + 5632 + 10 + 193) × 10−3 1.382 88.58%

Transmission (KB) 100 × (49152 × 1.15) 5652.5 100 × 5120 × 1.1 + 1 × 8400 × 1.15 572.86 89.86%

Mbps: megabits per second.

It can be observed that in 100 diagnostic decision tasks, traditional cloud computing requires a data transmission cost of 
5652.5 KB, whereas the proposed CET-CAI agent architecture decomposes the transmission burden into lightweight feature 
streams from the terminal to the edge. Because raw data no longer need to be transmitted to the cloud, only a decision vector 
with a length of 21 needs to be transmitted, and the transmission time to the cloud significantly decreased from 11311 ms to 
193 ms, with a drastic decline of 98.29% in transmission time. In addition, because of the independent stages of signal data 
acquisition, SSM model inference, and data transmission, which can be processed in parallel, the single-inference time is 
shorter than the data transmission time, further reducing the system response time. Compared to traditional cloud computing 
models, the response time of the proposed cloud-edge-terminal collaboration system has been compressed from 12.10 to 
1.38 s, a decrease of up to 88.58%. The transmission cost is only 572.86 KB, and the total traffic is reduced by 89.86%. To 
further validate the robustness of the proposed system, we conducted a sensitivity analysis of the network bandwidth, as 
shown in Fig. 8. As the bandwidth decreases from 1.0 to 0.1 Mbps, the response time of the traditional solutions increases 
exponentially, with peaks exceeding 57 s. In contrast, the proposed CET-CAI agent can maintain a stable response time of 
approximately 2 s even under such a limited bandwidth, demonstrating strong robustness. Unlike the cloud-centric paradigm, 
where external transmission accounts for over 90% of the time cost, the proposed architecture successfully shifts the 
computing load to the local edge. This decoupling ensures that the real-time performance of the system is determined by 
controllable local resources rather than by unpredictable external network quality.

Fig. 8. Sensitivity analysis on network bandwidth.

4. Conclusion



This paper presents a novel CET-CAI agent for CFDD in complex mechanical systems. By leveraging an LLM as a cloud-
based coordinator and deploying a DiCoT at the edge system, the proposed framework enables dynamic task recognition, 
subsystem-aware feature extraction, and human-AI interaction. This framework provides a feasible collaborative model 
between LLM and small-scale models, endowing traditional diagnostic architectures with higher flexibility and cognitive 
reasoning capabilities. Experimental evaluations demonstrate that the CET-CAI agent not only achieves superior diagnostic 
accuracy and generalization on unseen compound faults but also significantly reduces communication overhead through 
feature-level compression and hierarchical processing. Moreover, the proposed CET-CAI agent subverts the traditional 
diagnostic mode, and its output is not only the probability of faults but also includes cognitive intelligence analysis results, 
such as batch decision-making and root cause analysis, result reliability analysis, as well as subsequent maintenance 
recommendations. The orchestration, scheduling, and decision-making in the entire architecture require the use of LLM to 
understand the tasks of instructions, autonomously generate decision instructions to select and enable models, as well as 
analyze the diagnostic results of the models to make fuzzy decisions. The proposed architecture effectively bridges the gap 
between traditional deep models and human-centric industrial intelligence, significantly expanding the performance and 
functional capabilities of traditional solutions, which provides a highly feasible solution and potential for LLM-based 
industrial general intelligence.

Future work will explore the integration of uncertainty quantification, lifelong learning, multiple AI agent technologies, 
and broader industrial applications to further enhance the adaptability and reliability of CET-CAI agents. In addition, we will 
deploy this solution to practical industrial scenarios for long-term operational testing and exploration, including 
systematically addressing edge device failures, preventing erroneous or misleading maintenance recommendations, and 
comprehensively evaluating operator trust and human factors.
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