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Abstract

Vibration and sound-sensing technology has become the mainstream perception method
in the field of mechanical fault diagnosis. However, most current diagnostic models still
focus on single-modality data analysis, which to some extent restricts further improvement
of diagnostic performance. Multimodal fault-diagnosis models are still relatively lacking in
existing research. In addition, most methods usually simply concatenate or early fuse vibra-
tion and sound signals and directly input them into the model, failing to deeply explore and
effectively fuse the discriminative features of each modality. Moreover, the strong general-
ization ability of large language models (LLMs) demonstrates their potential for application
in other fields. Therefore, it is interesting to perform machinery fault diagnosis based on
LLMs with sound and vibration signals. This study proposes a new multimodal DNN,
namely a sound-vibration large language model (SVLLM), for multimodal feature fusion
and machinery fault diagnosis. Firstly, a multimodal prompt-tuning module is proposed to
fine-tune LLMs to learn domain knowledge of fault diagnosis based on vibration signals
and sound signals. It can also adaptively fuse sound signals and vibration signals. Secondly,
a freeze–thaw module is proposed to freeze the pre-trained key layers and thaw the layers
that need to be learned to adapt the model to fault diagnosis tasks. Thirdly, the multihead
cross-attention module is proposed to fully extract the characteristics of vibration signals
and sound signals through modal expansion interaction. The experimental results on the
motor dataset and Ottawa dataset show that SVLLM has good performance in feature
extraction and machinery fault diagnosis with sound and vibration signals.

Keywords: sound–vibration; feature fusion; deep learning; machinery fault diagnosis;
large language model

1. Introduction
Due to its excellent dielectric properties, good processability, and economy, rotating

machinery has become an indispensable component of industrial systems [1]. Its compact
structure, strong load-bearing capacity, and ease of standardized mass production have
further promoted its widespread application in the industrial field [2]. However, under
complex working conditions such as high speed, heavy load, severe temperature changes,
or high dust, key components of rotating machinery (e.g., bearings, motors, gearboxes, etc.)
are prone to various damages during long-term operation [3]. Once a malfunction occurs,
it not only affects the normal operation of the equipment, but may also trigger a chain
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shutdown accident [4]. Therefore, the ability to perform timely surveillance and intelligent
analysis of rotating machinery health is crucial for enhancing equipment reliability and
facilitating proactive, predictive upkeep [5].

Vibration signals often contain periodic impact components and modulation character-
istics corresponding to bearing faults, making them an important source of information for
bearing state recognition [6]. The fusion of signal processing and artificial intelligence has
led to numerous approaches designed to automatically mine fault-relevant characteristics
from vibration data, facilitating the accurate diagnosis and proactive alerting of bearing
fault categories [7]. Huang et al. [8] proposed an intelligent bearing fault diagnosis method
based on a local connection neural network and feature optimization, which solves the prob-
lem of limited diagnostic performance under incomplete vibration signals. Xiao et al. [9]
proposed a blade fault diagnosis method based on transfer-function reconstruction and
an autoencoder, which solves the problem of inaccurate diagnosis of turbine-blade faults
caused by signal attenuation. However, vibration signals are collected through contact and
are susceptible to interference from surrounding vibration sources [10]. This will cause a
lot of noise to be mixed in the vibration signal, which will affect the effectiveness of the
model diagnosis.

As a non-contact technology, sound monitoring is very suitable for fault diagnosis
of rotating machinery [11]. By collecting sound signals through a microphone, remote
measurement can be achieved, making it easy to quickly and comprehensively assess the
health status of large equipment or components that are difficult to access in installation
locations [12]. Due to the lack of physical contact during the collection process, the sound
signal is less affected by mechanical vibration and environmental coupling interference,
which is beneficial for obtaining purer fault characteristic information [13]. Wei et al. [14]
proposed a fault detection method for high-speed train ventilation devices based on sound
vibration signal fusion and time-frequency analysis. By designing anti-interference sensor
packaging and embedded systems, combined with STFT feature extraction and SVM
classification, the reliability of fault diagnosis is significantly improved. Su et al. [15]
proposed a gear-fault diagnosis method based on Bark scale perception feature extraction,
which calculates sub-band energy and selects high-energy features through a time-varying
specific loudness model, and combines an SVM classifier to achieve high-precision fault
recognition. Huang et al. [16] proposed a motor-rotor fault-diagnosis method based on
sound signals. By using wavelet-packet denoising and MFCC feature extraction, combined
with feature visualization and DeiT classifier, non-invasive high-precision diagnosis of
demagnetization and eccentricity faults is achieved. The effectiveness and reliability
of sound features in replacing vibration signals for motor state monitoring are verified.
However, sound signals are highly susceptible to interference from surrounding noise,
resulting in key information being drowned out in irrelevant noise.

Sound and vibration signals reflect mechanical states from different physical levels:
vibration signals directly capture the impact and resonance transmitted by internal struc-
tures, and are sensitive to early local damage (such as peeling); the sound signal records
the airborne sound field radiated by the equipment during operation, which can effectively
reflect the overall operating status and aerodynamic noise characteristics [17]. The combi-
nation of the two can form a complete observation perspective from internal conduction
to external radiation [18]. Most current research directly inputs sound and vibration as
multichannel data into neural networks for mechanical equipment fault diagnosis. There
is currently limited research on how to fully extract the connections between sound and
vibration multimodality.

In recent years, multimodal fault diagnosis has emerged as a rapidly growing research
direction [19]. The fusion of multimodal data has been recognized as a promising approach
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to enhance diagnostic accuracy and robustness, particularly in complex industrial environ-
ments where single-modality signals may be unreliable. Among the various multimodal
fusion strategies, attention-based mechanisms have gained considerable attention. For
instance, Zhu et al. [20] proposed a semantic-aware and enhanced cross-attention method
for multimodal bearing fault diagnosis, which employs a semantic-guided feature mapping
mechanism to purify sensor signals within a unified semantic space and achieves precise
cross-modal alignment through a time-event synchronization strategy. Despite these ad-
vances, most existing multimodal fusion methods still operate within randomly initialized
networks trained from scratch on limited fault datasets, lacking the rich sequential priors
that pre-trained models can provide.

Beyond multimodal fusion, knowledge-guided learning has emerged as another im-
portant paradigm in intelligent fault diagnosis [21]. Unlike purely data-driven approaches
that rely solely on labeled samples, knowledge-guided methods incorporate human ex-
pertise, physical principles, or prior knowledge into the learning process to constrain and
guide model training. Recent reviews have systematically examined the evolutionary
context of fault diagnosis technologies, covering traditional machine learning, digital twins,
knowledge graphs, and large language models. Among the knowledge-guided techniques,
knowledge distillation has proven particularly effective for scenarios with limited or imbal-
anced training data. Cheng et al. [22] proposed a novel knowledge distillation framework
for bearing fault diagnosis under imbalanced samples, which integrates improved activa-
tion functions and adaptive feature selection strategies to enhance diagnostic performance
when fault samples are scarce. These knowledge-guided approaches highlight the impor-
tance of transferring and reusing prior knowledge in fault diagnosis, which aligns with the
core motivation of our work.

More recently, large language models have opened new avenues for fault diagno-
sis and prognostics. Several comprehensive reviews have systematically examined the
current applications, technical approaches, and development trends of LLMs in fault di-
agnosis. These reviews categorize LLM-based methodologies into in-context learning,
fine-tuning, retrieval-augmented generation, multimodal learning, and time-series ap-
proaches. The integration of LLMs into fault diagnosis frameworks has been explored
across various domains, including energy systems, power systems, and prognostics and
health management. Zhou et al. [23] proposed a feature extractor-attribute learner frame-
work for identifying electrical anomalies in co-phase power supply systems, demonstrating
how advanced diagnostic frameworks can be applied to complex industrial systems be-
yond traditional rotating machinery. However, most existing LLM-based fault diagnosis
approaches still focus on text-based or log-based analysis, and their application to raw-
sensor signal processing—particularly for multimodal sound-vibration fusion—remains
largely unexplored.

While existing approaches have made valuable progress, they still face notable lim-
itations: (1) most current diagnostic models rely on single-modal data (either vibration
or sound signals alone), which offers only a partial representation of equipment health.
This restricts the model’s ability to capture comprehensive fault characteristics, especially
under variable operating conditions. (2) Even in recent multimodal studies, the fusion of
sound and vibration signals is often realized through basic feature concatenation or linear
weighting. Such shallow fusion fails to explore the intrinsic physical correlations and deep
complementary relationships between the sound and vibration modalities, resulting in the
loss of critical interactive information during the fusion process. Therefore, to achieve more
robust and interpretable machinery health monitoring, it is crucial to develop an advanced
fusion framework that can deeply model cross-modal interactions. This work introduces a
multimodal large language model (LLM)-based diagnostic approach, aiming to leverage
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the powerful pattern recognition and contextual understanding capabilities of LLMs to
achieve deeper and more adaptive sound-vibration fusion.

GPT-2 is adopted not for its linguistic understanding but as a general-purpose se-
quential feature processor. Text and mechanical sensor signals (vibration/audio) share a
fundamental nature as long-sequence data with complex temporal dependencies, hierarchi-
cal patterns, and local–global couplings. The multihead self-attention and feed-forward
architectures in GPT-2 are inherently modality-agnostic. More importantly, GPT-2’s causal
(masked) self-attention mechanism inherently respects the temporal causality of physical
signals—the current machine state is strictly determined by past observations—rendering
it conceptually more suitable for online streaming diagnosis than bidirectional models (e.g.,
BERT) that rely on future context. Instead of training a deep Transformer from scratch,
which is prone to overfitting on small fault datasets, the rich sequential priors acquired from
billion-token pre-training are leveraged. Through the proposed prompt-tuning, this pre-
trained sequence model is efficiently adapted to the fault diagnosis domain with minimal
parameter updates, thereby avoiding catastrophic forgetting and ensuring training stability.

The contributions of this study can be summarized as follows: (1) A novel multimodal
prompt-tuning paradigm is proposed for LLM-based fault diagnosis. Unlike existing
prompt-tuning methods that are primarily designed for natural language processing tasks,
our multimodal prompt-tuning module is the first to generate modality-specific prompts,
specifically vibration prompts and sound prompts, alongside a learnable task anchor.
This design enables a pre-trained LLM to adapt to heterogeneous sensor signals without
modifying its core architecture. (2) A parameter-efficient cross-modal adaptation strategy
is introduced. Although selective fine-tuning has been explored in transfer learning, its
integration with prompt-based LLM adaptation for sound-vibration fusion is novel. Our
freeze–thaw strategy is specifically designed to preserve GPT-2’s universal sequential
priors while allowing the prompt space and high-level representations to adapt to the fault
diagnosis task. This combination has not been systematically investigated in the mechanical
fault diagnosis literature. (3) A multihead cross-attention mechanism is developed to enable
deep sound–vibration interaction. Although cross-attention has been applied in various
domains, its combination with LLM-based feature refinement represents a new architectural
design. In this framework, the cross-attention outputs serve as soft prompts to guide a
frozen LLM, which is fundamentally different from using cross-attention merely as a fusion
layer within a randomly initialized network.

Crucially, the true contribution lies in the systematic integration of these three modules
into a unified framework that leverages the pre-trained sequential priors of LLMs for
mechanical signal processing, achieves deep cross-modal interaction through prompt-
guided attention, and enables parameter-efficient domain adaptation. The rest of this paper
is organized as follows: the details of SVLLM are given in Section 2. The experiment
and results analysis are presented in Section 3. Finally, Section 4 presents the conclusions
and expectations.

2. Method
2.1. Network Structure

As shown in Figure 1, SVLLM consists of three key components: (1) a multimodal
prompt-tuning module, (2) a freeze–thaw reuse module, and (3) a multihead cross-attention
module. Firstly, a multimodal prompt-tuning module has been introduced, aimed at
domain adaptation fine-tuning of pre-trained large language models based on vibration
and sound signals. This module enables the model to learn professional knowledge in
mechanical fault diagnosis and achieve adaptive fusion of sound and vibration signals.
Secondly, the freeze–thaw reuse module selectively freezes the pre-trained key layers
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and unfreezes the layers that need to be adjusted for diagnostic tasks. While retaining
general semantic knowledge, it efficiently adapts to downstream fault-diagnosis tasks,
improving model training efficiency and stability. Finally, the multihead cross-attention
module is designed to achieve deep modal interaction between vibration signals and
sound signals. This module utilizes a cross-modal attention mechanism to fully extract
and fuse discriminative features from bimodal signals, enhancing the model’s ability to
perceive and characterize fault features. Based on the SVLLM composed of three key
modules, it can effectively extract features and diagnose faults in the vibration signals of
mechanical equipment.

 

Figure 1. Sound–vibration fusion network.

2.2. Multimodal Prompt-Tuning Module

Prompt-tuning is one of the core technologies in the field of natural-language process-
ing (NLP) in recent years. It designs prompt words to enable pre-trained models (such
as GPT and BERT) to adapt more efficiently to downstream tasks, gradually replacing
traditional fine-tuning methods and becoming a solution for efficient parameter tuning.
Prompt-tuning only optimizes prompt embedding, with a very small number of param-
eters and high training efficiency. By directly modifying the input embedding layer, it is
independent of the model structure and easy to implement [24].

To make the model applicable to multimodal data, a multimodal prompt-tuning
module is proposed in SVLLM. By generating prompts for each modality, the model can
fully learn the knowledge of each modality. In addition, basic prompts are generated
based on the features of multimodal fusion. The final prompt consists of a basic prompt, a
vibration prompt, and a sound prompt, allowing the large model to fully acquire domain
knowledge of multimodal fault diagnosis. The multimodal prompt-tuning module is
shown in Figure 2.
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Figure 2. Multimodal prompt-tuning module.

Firstly, the vibration signal and sound signal are subjected to independent encoders
for feature extraction. The formula can be expressed as:

vi = f
(
∑xv ∗ ki + bi

)
(1)

si = f
(
∑xs ∗ ki + bi

)
(2)

vi = max-pool(vi) (3)

si = max-pool(si) (4)

where xv and xs are the vibration and sound inputs of the multiscale convolution, k is
the convolution kernel, b is the bias, f is the activation function, max-pool is the maximum
pooling operation, and Vi and Si are the vibration features and sound features extracted by
the encoder, respectively.

Then, the fusion features are calculated based on the extracted vibration and sound
features. The calculation formula for fusion features Ffused is as follows:

Ffused = Dropout
(

GELU
(

Norm
(

W f ·
(

concat
(

V, S)) + b f

)))
(5)

where Dropout is a commonly used regularization technique, GELU is an activation function,
Norm is a layer normalization operation, concat is a concatenation operation along the
feature dimension, W f and b f are the weight matrix and bias, respectively.

After that, the prompt of SVLLM can be calculated based on the vibration features,
the sound features, and the fused features. The calculation formulas for the prompts are
as follows:

VPrompt = ReLU(W2·ReLU(W1·V + b1) + b2) (6)

SPrompt = ReLU
(

W2·ReLU
(

W1·S + b1

)
+ b2

)
(7)

where W1 and W2, b1, and b2 are the weight matrices and biases of two linear layers,
respectively. ReLU is an activation function, VPrompt and SPrompt are the generated
vibration and sound prompts, respectively.

In addition, the basic prompt BasePrompt is a learnable parameter matrix designed in
SVLLM. It can be formulated as:

BasePrompt ∈ R1×L×H (8)

Finally, the prompt of SVLLM can be calculated by the VPrompt, the SPrompt, and the
BasePrompt. It can be formulated as:

Prompt = concat(VPrompt, SPrompt, BasePrompt) (9)
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2.3. Freeze-Thaw Reuse Module

In SVLLM, GPT-2 is adopted as the backbone. Unlike conventional fine-tuning, in
which all parameters are adjusted, a selective freeze–thaw strategy is employed. This design
is motivated not merely by computational efficiency but by a knowledge reuse philosophy
for cross-domain sequence modeling. The shallower layers of GPT-2, which are frozen, are
hypothesized to capture universal sequential primitives (e.g., local oscillations, envelope
fluctuations, and short-term correlations) that are transferable across text and sensor time-
series. Fine-tuning is restricted to the deeper layers (the last two transformer blocks) and the
output projection layers, enabling the model to recombine these primitives into high-level
task-specific fault features. This strategy effectively bridges the gap between the source
domain (text) and the target domain (sound-vibration signals) without modification of the
fundamental sequence extraction pipeline. Meanwhile, by freezing the vast majority of
parameters, the solution space is strictly constrained, which acts as a powerful regularize
against overfitting. It is a critical advantage given the limited scale of annotated fault data
relative to the billions of tokens in NLP. The freeze–thaw reuse module is shown in Figure 3.

Figure 3. Freeze-thaw reuse module.

In the multimodal fault diagnosis task, we adopt a selective fine-tuning strategy, train-
ing only the last two layers of GPT-2, prompt parameters, and classifier, while freezing the
first 10 layers. This approach is mainly based on the consideration of efficient parameter
fine-tuning: firstly, freezing most layers can effectively avoid catastrophic forgetting and
preserve the general semantic representation learned by GPT-2 in large-scale texts; secondly,
significantly reducing the number of trainable parameters on small fault datasets can signif-
icantly lower the risk of overfitting. In addition, this strategy also improves computational
efficiency, shortens training time, and reduces video memory usage. The prompt mech-
anism, as a task-adaptive “soft instruction”, can guide the entire model to adapt to fault
diagnosis by adjusting only a small number of parameters. At the same time, retaining
the universal feature extraction capability of the underlying layer and only fine-tuning the
high-level and output-normalization layers is also beneficial for gradient stability and train-
ing convergence, thereby achieving efficient and stable few-sample cross-modal learning
while ensuring performance [25].

2.4. Multihead Cross-Attention Module

Multihead attention represents an evolution of conventional attention mechanisms, de-
signed to strengthen a model’s representational capacity and learning capability. It achieves
this by dividing the input features into several subspaces, or “heads,” each of which per-
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forms attention independently [26]. This mechanism has found extensive application across
a range of deep learning tasks, such as machine translation, text summarization, speech
recognition, and image captioning. Fundamentally, multihead attention operates by execut-
ing multiple parallel instances of scaled dot-product attention, subsequently concatenating
their outputs, and projecting the combined result into the final representation [27].

In this study, the multihead cross-attention module is constructed of the multihead
attention mechanism, which is used to extract cross-modal information between sound
signals and vibration signals. The multihead cross-attention module formalizes the modal
alignment problem as a learnable retrieval aggregation process. It provides a unified tensor
interface using Q, K, and V, which enables the model to align different modalities in the
semantic space through end-to-end training. The structure of the multihead cross-attention
module is shown in Figure 4. The calculation procedure can be defined as follows:

Q = Fv, K = Fs, V = Fsv (10)

Attention(Fv, Fs) =
FvFT

s√
dk

(11)

Scores = Softmax(Attention) (12)

F′
sv = Scores × Fsv (13)

where Fv and Fs are the vibration features and sound features, respectively. T is the trans-
pose operator, dk is a scaling factor that has the same dimension with Fs, Softmax is the activa-
tion function, which ensures that all output values are within the (0, 1) interval and the total
sum is 1. Fsv are the sound–vibration features, and F′

sv are the attention-weighted features.

headi = Attention
(

QWQ
i , KWK

i , VWV
i

)
(14)

MultiHead(Q, K, V) = Concat(head1, . . . , headh)WO (15)

where QWQ
i , KWK

i , and VWV
i are the linear transformation matrices corresponding to the

ith head (obtained by dividing WQ, WK, WV), and WO is the final output linear transforma-
tion matrix.

 
Figure 4. Multihead cross-attention module.

In this module, vibration features, sound features, and fused features are used as
queries, keys, and values in the cross-attention mechanism, respectively. The cross-modal
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attention module learns a data-driven alignment between the two modalities and se-
lectively extracts modality-shared and complementary features. This design makes the
feature extraction of the model more robust, which outperforms the simple summation of
multimodal features.

2.5. Machinery Fault Diagnosis Flow of SVLLM

The machinery fault diagnosis flow of SVLLM is composed of four steps (Algorithm 1).
Firstly, sound signals and vibration signals are collected by the sensors. Secondly, the
training dataset will be input into SVLLM to train the model for fault diagnosis. Thirdly,
the sound signals and vibration signals collected in real time are fed into the well-trained
SVLLM to perform fault diagnosis. Finally, the machinery fault diagnosis results are
output online.

The SVLLM-based machinery fault diagnosis method can be represented as follows.
Offline training:

(1) The training data is consisting of sound signals and vibration signals.
(2) A multimodal prompt-tuning module is proposed to integrate domain knowledge

into LLM.
(3) A freeze–thaw reuse cross-modal module is proposed for finetune the LLM.
(4) The multihead cross-attention learning module is proposed to fuse the sound signals

and vibration signals.
(5) The trained SVLLM is obtained for online testing.

Online health monitoring:

(1) Online signals are collected from the machines.
(2) Feed data into SVLLM that has been trained offline.
(3) Output the fault diagnosis results online.

Algorithm 1 Training Process of SVLLM.

Input: Training samples Xs, Xv.
Initializing the parameters of SVLLM.
If training steps < N:

Forward-propagation:
(1) Generating the vibration feature, the sound features, and the fused features.
(2) Generating the prompt of SVLLM based on the vibration prompt, the sound prompt, and the basic prompt.
(3) Calculating the cross-entropy loss.
Backpropagation:

(1) Calculating the parameters of the fully connected layer and then update.
(2) Calculating the parameters of the prompt consist of the vibration prompt, the sound prompt, and the ba-

sic prompt, and then update.
(3) Calculating the parameters of the vibration encoder and the sound encoder, and then update.
Update SVLLM by minimizing the cross-entropy loss.

End
Output: Trained SVLLM.

3. Experiment and Result Analysis
In this section, two datasets are constructed to validate the effectiveness of SVLLM for

machinery fault diagnosis. The first dataset is constructed by setting up a motor test bench
to collect sound and vibration data, forming a motor dataset. The second dataset is built
using benchmark data publicly available from the University of Ottawa.

https://doi.org/10.3390/pr14172802
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3.1. Case 1: Motor Fault Diagnosis

Figure 5 illustrates the motor test–rig configuration: a stepper motor is coupled to a
magnetic-powder brake through a torque transducer, while a CT1020LC accelerometer and
a CT1213 microphone capture vibration and sound signatures, respectively. A CT1020LC
piezoelectric accelerometer with a nominal sensitivity of 100 mV/g captures the vibration
signatures, while a CT1213 condenser microphone with a nominal sensitivity of 50 mV/Pa
records the acoustic signatures. A four-channel NI-9234 cDAQ module performs simultane-
ous dynamic acquisition of both modalities (i.e., the accelerometer is affixed directly to the
motor housing, and the microphone is positioned on an adjacent bracket). Comprehensive
dataset specifications for the recorded vibration and sound signals are summarized in
Table 1. A total of seven health states is considered in this experiment. The vibration
and sound signals of each condition are collected at a sampling rate of 10,000 Hz, and
then the samples are divided into 2048 points. A total of 1000 samples are prepared for
bearings under each health state. The long-duration raw signals were segmented into non-
overlapping windows of 2048 data points each by applying a fixed-length sliding window
with a stride equal to the window size. Specifically, the signal was divided sequentially
into consecutive 2048-point segments without any overlap between adjacent windows. The
vibration and sound signals of motors in different health states are shown in Figure 6. It is
worth noting that to ensure the fairness of the comparative experiments, all experiments in
this paper utilized a five-fold cross-validation. In order to preserve the original mechanical
information and avoid introducing artificial distortion, no preprocessing operation was
performed on the original sensor signals in this study.

Acceleration sensor

Motor

Microphone

Brake

 
Figure 5. Motor test rig.

Table 1. Detailed information on the vibration and sound signals.

Labels Condition Health Types Physical Description Structure (Sample Size ×
Data Length)

C1

100 r/min

Healthy - 1000 × 2048

C2 Bearing fault-level1 A single-point defect was introduced on the outer race of a bearing
using Electrical Discharge Machining (0.2 mm diameter). 1000 × 2048

C3 Bearing fault-level2 A single-point defect was introduced on the outer race of a bearing
using Electrical Discharge Machining (0.4 mm diameter). 1000 × 2048

C4 Broken bar fault-level1
One rotor bar was partially fractured by drilling a hole through the

bar cross-section to simulate a crack-initiation-level fault
(0.2 mm diameter).

1000 × 2048

C5 Broken bar fault-level2
One rotor bar was partially fractured by drilling a 0.2 mm diameter

hole through the bar cross-section to simulate a
crack-initiation-level fault (0.4 mm diameter).

1000 × 2048

https://doi.org/10.3390/pr14172802
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Table 1. Cont.

Labels Condition Health Types Physical Description Structure (Sample Size ×
Data Length)

C6

100 r/min

Misalignment-level1
A controlled parallel misalignment was induced between the

motor shaft and the load shaft by inserting precision-machined
shim spacers at the flexible coupling (0.1 mm offset).

1000 × 2048

C7 Misalignment-level2
A controlled parallel misalignment was induced between the

motor shaft and the load shaft by inserting precision-machined
shim spacers at the flexible coupling (0 mm offset).

1000 × 2048

Figure 6. The vibration and sound signals of motors in different health states with the motor dataset.

(1) Parameter Setup: The parameter settings of SVLLM are shown in Table 2, where K
is the width of the convolution kernel, S is the sliding strides, P is the padding sizes, and
[16@1024 × 1] indicates that the features have 16 channels, with the size of each feature
map being 1024 × 1. All experiments are tested on a computer with an NVIDIA GeForce
RTX 4090 GPU and Intel Xeon Gold 5218R CPU @2.10 GHz. SVLLM proposed under
Torch-2.2.0+cu121 based on Python 3.8.
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Table 2. Parameter setup of SVLLM.

Structure Parameters Outputs Sizes

Input Vibration signals [1@2048 × 1]
Sound signals [1@2048 × 1]

Vibration-encoder
Conv K = 3; S = 2; P = 3 [64@1024 × 1]

BatchNorm - [64@1024 × 1]
MaxPool K = 3; S = 2; P = 1 [64@512 × 1]

Sound-encoder
Conv K = 3; S = 2; P = 3 [64@1024 × 1]

BatchNorm - [64@1024 × 1]
MaxPool K = 3; S = 2; P = 1 [64@512 × 1]

Concat Feature - [512]
Fusion Feature Linear (512-256) [256]

Feature Adapter Linear (256-768) [768]

Prompt

Base Prompt
Learnable

parameters

[10 × 256]
Vibration Prompt [10 × 256]

Sound Prompt [10 × 256]
Fused Prompt [10 × 768]

GPT2
GPT2-Input GPT parameters [11(10 + 1)@768]

GPT2-Output [768]

Classifier
Linear (768-256) [256]
Linear (256-7) [7]

Learning rate = 0.001

(2) Result Analysis: In this section, state-of-the-art DNNs are considered in comparison
to evaluate the machinery fault diagnosis performance of SVLLM: ResNet [28] effectively
alleviates the gradient vanishing problem in deep neural networks by introducing skip con-
nections, making it possible to train extremely deep models. DenseNet (Dense Connected
Network) [29] achieves feature reuse by directly connecting each layer to all previous layers,
significantly improving the parameter efficiency and performance of the model. SCNet
(Self-Calibrated Convolutional Network) [30] enhances the receptive field of convolutional
layers through an internal self-calibration mechanism, enabling the network to adaptively
capture richer contextual information within the same layer. 1D-RCAE (One-Dimensional
Residual Convolutional Autoencoder) [31] combines one-dimensional convolution, residual
learning, and autoencoder structure, focusing on robust feature extraction and dimension-
ality reduction from one-dimensional signals such as vibration. ECANet (Efficient Channel
Attention Network) [32] introduces a streamlined channel attention module designed to
efficiently model interdependencies between channels. By avoiding dimensionality reduc-
tion, it preserves direct cross-channel interaction, thereby improving the network’s capacity
to emphasize salient features. FCTransformer [33] fuses multisensor data by combining
Fourier convolution with Transformer for frequency-aware global dependency modeling.
Multimodal bearing fault diagnosis (MMBFD) [20] uses semantic-aware cross-attention to
align and enhance cross-modal features for accurate fault classification.

Table 3 provides a detailed explanation of the model parameters. It shows that
simply increasing parameters does not guarantee better performance (e.g., some model
with fewer parameters sometimes outperforms larger models on certain modalities). The
proposed SVLLM adopts a GPT-2 backbone network with 124 M parameters and a total
parameter count of 132.35 M. However, the trainable parameters are only 22.09 M. The
trainable parameter count is kept at the same level as several other models. Therefore, the
effectiveness of SVLLM should be attributed to its sophisticated fusion architecture and
domain-specific adaptation, rather than to brute-force parameter expansion. Moreover, in
order to conduct a completely fair evaluation, a state-of-the-art model that also uses GPT-2
as the backbone network is also used for comparison in this section.
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Table 3. The detailed information of model parameters.

Models Total Parameter (M) Trainable Parameter (M)

SVLLM 132.35 22.09
ResNet 10.50 10.50

DenseNet 22.02 22.02
SCNet 10.53 10.53

1DRCAE 41.21 41.21
ECANet 5.34 5.34

FCTransformer 2.47 2.47
MMBFD 150.00 26.00

Moreover, the number of iterations is set to 1000 for all models, and the comparison
results with these state-of-the-art methods are presented in Table 4. It can be easily seen
that the accuracy of SVLLM is better than that of other models based on the multimodal
prompt-tuning module, the freeze–thaw reuse module, and the multihead cross-attention
module.

Table 4. The fault diagnosis results with the motor dataset.

Models Acc-Vibration (%) Acc-Sound (%) Acc-Vibration and Sound (%) Avg (%)

SVLLM - - 99.40 ± 0.24 99.40
ResNet 86.80 ± 1.07 91.20 ± 0.90 97.40 ± 0.50 91.80

DenseNet 76.40 ± 1.34 98.50 ± 0.38 98.70 ± 0.36 91.20
SCNet 79.20 ± 1.28 91.60 ± 0.88 93.40 ± 0.79 88.10

1DRCAE 78.60 ± 1.30 97.40 ± 0.50 98.60 ± 0.37 91.50
ECANet 72.20 ± 1.42 89.00 ± 0.99 89.40 ± 0.97 83.50

FCTransformer 94.90 ± 2.69 96.80 ± 0.91 99.30 ± 0.37 97.00
MMBFD - - 99.20 ± 0.62 99.20

To further investigate the impact of different modal data (i.e., sound signals and
vibration signals) on the fault diagnosis performance of various models, we conducted
comparative experiments using the most advanced models under a single modality. The
results are shown in Figure 7. According to the experimental results, it can be found that
DenseNet and ECANet have poor performance in feature extraction and fault diagnosis
of vibration signals. SCNet has poor feature extraction and fault diagnosis for sound
signals. All models perform best when using sound and vibration signals. However, it
can be seen that different models may be limited by a certain mode and cannot efficiently
use multimodal feature information. SVLLM has demonstrated strong capabilities in
multimodal feature fusion and fault diagnosis.
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Figure 7. Results (%) of the state-of-the-art DNNs on different modalities of data with the motor
dataset.
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Furthermore, the experiment also plotted the confusion matrix between SVLLM and
several well-performing models to study the recognition performance of each model for
different health types. The results of the confusion matrix are shown in Figure 8. It can
be seen that ResNet has a low recognition accuracy for fault type seven (imbalance level
two) and is prone to misidentifying it as fault type six (imbalance level one). DenseNet
can easily confuse fault types three (bearing fault level two) and four (broken bar fault
level one). SCNet can easily confuse fault type five (broken bar fault level two), fault type
six, and fault type seven. However, SVLLM has a high accuracy in identifying each type
of fault.

Figure 8. Confusion matrix (%) of the state-of-the-art DNNs with the motor dataset.

(3) Visualization Analysis: To provide an intuitive understanding of the hierarchical
representations, this section employs t-distributed stochastic neighbor embedding (t-SNE)
to map the high-dimensional features extracted by SVLLM onto a two-dimensional plane.
Within this reduced space, the horizontal and vertical axes correspond to the first and
second embedded dimensions, respectively, allowing for a visual inspection of the feature
distributions learned at each layer. The result is shown in Figure 9, which presents features
from the input data (a), the sound encoder layer (b), the vibration encoder layer (c), the
prompt layer (d), the GPT2-output layer (e), and the fully connected (FC) layer (f). As
shown in Figure 9a, features of the input data with different fault types are distributed
disorderly. These features are gradually clustered after the sound encoder and the vibration
encoder layers, as presented in Figure 9b,c. Figure 9d presents the results of the prompt
layer, where the different health states have been divided, although there is a little confusion
between the categories. As shown in Figure 9e, the sample categories are further divided
after GPT2. In particular, the features of the FC layer are clustered well, and there are clear
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distinctions between the different fault types, as shown in Figure 9f. It demonstrates the
powerful feature learning and machinery fault diagnosis of SVLLF.

Figure 9. T-SNE-based visualization of the output features in each layer with the motor dataset.
(a) Input data, (b) sound encoder layer, (c) vibration encoder layer, (d) prompt layer, (e) GPT2-output
layer, (f) fully connected (FC) layer.

In order to verify the effectiveness of each key module, ablation experiments are
conducted in this section. Removed Multimodal Prompt Unity Module (no multimodal
prompts), Freeze–Thaw Reuse Module (freeze all large model parameters), and Multi head
Cross Attention Module (directly concatenate vibration and sound features), respectively.
The result is shown in Figure 10. It can be seen that after removing cross attention, the
model cannot capture complementary information across modalities, resulting in a decrease
in accuracy. Removing prompts for optimization leads to a lack of knowledge in the field of
fault diagnosis in the model, resulting in a decrease in accuracy. Removing the freeze–thaw
strategy may result in parameter shifts in the model during later iterations, leading to
performance degradation.

 
Figure 10. The ablation experiment results of Case 1.
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3.2. Case 2: Ottawa Bearing Dataset Fault Diagnosis

The rolling bearing dataset used in this study is sourced from the vibration and sound
fault testing experimental platform established by the University of Ottawa, which operates
under constant load and speed conditions [34]. As shown in Figure 11, the experimental
setup primarily consists of a single-phase motor, rolling bearing, drive screw, acceleration
sensor, and sound sensor, capable of simultaneously collecting vibration and audio signals
during operation. During the data acquisition phase, signals under each healthy condition
are continuously collected for 10 s at a sampling frequency of 42,000 Hz, corresponding to a
shaft speed of 1750 rpm. The raw signals collected are subsequently divided into multiple
continuous segments, with each segment having a fixed length of 2048 sampling points.

 
Figure 11. The Ottawa bearing test rig.

The detailed information of the Ottawa dataset for the recorded vibration and sound
signals are summarized in Table 5. The experiment encompassed five distinct bearing
health states, namely: normal state, inner race failure, outer race failure, ball failure, and
cage failure. A five-fold cross-validation is also used in this section. For the Ottawa dataset,
each health condition is represented by 1000 samples, with each sample consisting of
2048 consecutive data points. To construct these samples, the continuously recorded raw
signals were partitioned into fixed-length frames of 2048 points using a non-overlapping
sliding window protocol, i.e., the stride was set equal to the window size, ensuring that
adjacent frames contained no shared data points. Figure 12 illustrates the typical vibra-
tion signal and sound signal waveforms corresponding to the five health states in the
dataset, visually reflecting the characteristic differences in the time domain among different
failure types.

Table 5. Detailed information on the Ottawa dataset.

Labels Condition Health Types Structure

C1

1750 r/min

Healthy 1000 × 2048
C2 Inner fault 1000 × 2048
C3 Outer fault 1000 × 2048
C4 Ball fault 1000 × 2048
C5 Cage fault 1000 × 2048

As with the case study, this section conducted comparative experiments between
SVLLM and state-of-the-art models on the Ottawa dataset. The experimental results are
shown in Table 6. The experimental results show that the accuracy of SVLLM in fault
diagnosis on the Ottawa dataset can reach 100% when using vibration and sound signals.
This surpasses all other state-of-the-art models. This proves that under the influence of
the multimodal prompt-tuning module, the freeze–thaw reuse module, and the multihead
cross-attention module, SVLLM has strong capabilities in multimodal feature extraction
and feature fusion to achieve high-quality fault diagnosis.
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Figure 12. The vibration and sound signals of motors in different health states with the
Ottawa dataset.

Table 6. The fault diagnosis results with the Ottawa dataset.

Models Acc-Vibration (%) Acc-Sound (%) Acc-Vibration and Sound (%) Avg (%)

SVLLM - - 100.00 ± 0.00 100.00
ResNet 96.50 ± 0.58 98.20 ± 0.42 96.30 ± 0.60 97.00

DenseNet 85.70 ± 1.11 78.70 ± 1.29 95.70 ± 0.64 86.70
SCNet 88.70 ± 1.00 75.20 ± 1.37 92.80 ± 0.82 85.60

1DRCAE 92.90 ± 0.81 89.20 ± 0.98 96.80 ± 0.56 93.00
ECANet 82.80 ± 1.19 78.20 ± 1.31 90.40 ± 0.93 83.80

FCTransformer 96.40 ± 0.67 96.80 ± 0.70 90.20 ± 0.23 97.50
MMBFD - - 99.40 ± 0.25 99.40

To further investigate the impact of different modal data on the fault diagnosis perfor-
mance of various models, comparative experiments are performed using the most advanced
models under a single modality. The results are shown in Figure 13. According to the
experimental results, it can be found that DenseNet and ECANet have poor performance
in feature extraction and fault diagnosis of vibration signals. SCNet has poor feature
extraction and fault diagnosis for sound signals. The vast majority of scenarios perform
best when using sound and vibration signals. However, the sound accuracy of ResNet is
98.2%, while the sound vibration accuracy is 96.3%. This indicates that traditional models
may sometimes fail to fully utilize multimodal data. However, SVLLM maintained the best
fault diagnosis performance in all cases, demonstrating its powerful multimodal feature
extraction and fusion capabilities.
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Figure 13. Results (%) of the state-of-the-art DNNs on different modalities of data with the
Ottawa dataset.

Similarly, in Case 2, confusion matrices of several models were also drawn for further
analysis. The results of the confusion matrix are shown in Figure 14. It can be seen that
ResNet has a low recognition accuracy for fault type five (cage fault) and is prone to
misidentifying it as fault type two (inner fault). DenseNet can easily confuse fault type one
(health) and fault type two. SCNet can easily confuse fault type one, fault type three (outer
fault), and fault type five. However, SVLLM has a high accuracy in identifying each type
of fault.

Figure 14. Confusion matrix (%) of the state-of-the-art DNNs with the Ottawa dataset.
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In this section, ablation experiments are still used to verify the effectiveness of each
key module. As shown in Figure 15, the results of the ablation study confirm the indispens-
able roles of all three proposed modules. Notably, the cross-attention module contributes
the most significant performance gain, validating its effectiveness in aligning heteroge-
neous sensor features. The freeze–thaw strategy also exhibits a critical impact, preventing
catastrophic forgetting during incremental training.

 
Figure 15. The ablation experiment results of Case 2.

4. Conclusions
This study proposes a multimodal large-scale language model (SVLLM) based on

sound and vibration signals to address the issues of insufficient utilization of multimodal
information and shallow feature fusion in mechanical fault diagnosis. Firstly, by introduc-
ing a multimodal prompt-tuning module, the model can effectively learn and adaptively
integrate fault-diagnosis domain knowledge from vibration and sound signals. Secondly,
a freeze–thaw reuse module was designed to efficiently adapt to diagnostic tasks while
maintaining pre-trained knowledge. The third hypothesis proposes a multihead cross-
attention module that fully extracts discriminative features of bimodal signals through
extended interaction between modalities. Experiments on motor data sets and Ottawa
data sets show that SVLLM performs well in feature extraction and fault diagnosis tasks
of sound and vibration signals, which verifies its effectiveness and progressiveness in
multimode mechanical fault diagnosis. Although this study has made positive progress
in multimodal fault diagnosis methods, there are still several directions worth further
exploration: firstly, it is possible to consider incorporating more types of sensing signals
(such as temperature, current, etc.) into the model to construct a more comprehensive
multimodal perception system. In addition, exploring a fusion diagnostic framework that
combines physical mechanisms with data-driven approaches to enhance the interpretability
and generalization ability of models will also be an important path for future research. It is
also very interesting to study how to use different or multiple LLMs to guide machinery
fault diagnosis.
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