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Abstract

We propose a bearing health management framework lever-
aging large language models (BearLLM), a novel multimodal
model that unifies multiple bearing-related tasks by process-
ing user prompts and vibration signals. Specifically, we in-
troduce a prior knowledge-enhanced unified vibration signal
representation to handle various working conditions across
multiple datasets. This involves adaptively sampling the vi-
bration signals based on the sampling rate of the sensor, in-
corporating the frequency domain to unify input dimensions,
and using a fault-free reference signal as an auxiliary input.
To extract features from vibration signals, we first train a fault
classification network, then convert and align the extracted
features into word embedding, and finally concatenate these
with text embedding as input to an LLM. To evaluate the per-
formance of the proposed method, we constructed the first
large-scale multimodal bearing health management (MBHM)
dataset, including paired vibration signals and textual de-
scriptions. With our unified vibration signal representation,
BearLLM using one set of pre-trained weights achieves state-
of-the-art performance on nine publicly available fault diag-
nosis benchmarks, outperforming specific methods designed
for individual datasets. We provide a dataset, our model, and
code to inspire future research on building more capable in-
dustrial multimodal models.

Code — https://github.com/SIA-IDE/BearLLM

1 Introduction
Bearings are the core components of mechanical rotating
equipment but have high failure rates due to complex op-
erational and environmental conditions (Wang et al. 2020b).
Bearing health management (e.g., anomaly detection, fault
diagnosis, and maintenance recommendations) is of great
practical significance in industrial safety production to re-
duce economic losses and maintenance costs (Peng et al.
2022; Xiao et al. 2022; Ruan et al. 2023).

Current bearing health management frameworks rely on
designing specialized methods for different working condi-
tions and tasks, as shown in Fig. 1 (a). To apply specific
methods to complex real-world industrial scenarios, domain
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Figure 1: Comparison of existing bearing health manage-
ment frameworks (Chaleshtori and Aghaie 2024; Ni et al.
2024) with our proposed approach. Our BearLLM replaces
the complex operations of designing methods tailored to dif-
ferent conditions and tasks.

adaptation, and generalization have attracted widespread at-
tention. Domain adaptation enables a model trained on one
source domain to perform well on different but related tar-
get domains by reducing the domain shift or discrepancy
(Wu et al. 2022; Zhang et al. 2022), but it suffers from low
accuracy when the source and target domains are category-
inconsistent (e.g., transitioning from working condition C1

with four fault types to C2 with five types). Domain gen-
eralization aims to extract domain-invariant features to im-
prove performance on unseen domain (Li et al. 2020; Zheng
et al. 2021; Chen et al. 2022a), but it is often constrained
to a limited number of working conditions with small differ-
ences, e.g., fewer than ten working conditions in (Chen et al.
2022b; Lin et al. 2023). These purely data-driven methods
often fail to strike an optimal balance between high accu-
racy and strong generalization for fault diagnosis.

In this paper, we propose a prior knowledge-enhanced
bearing large language model (BearLLM), which can unify
multiple bearing health management tasks over hundreds
of different working conditions from multiple datasets, as
shown in Fig. 1 (b). To handle various working conditions,
we introduce a prior knowledge-enhanced unified vibra-
tion signal representation. Unlike most fault diagnosis meth-
ods that use fixed-length input segments, we sample vibra-
tion signals as variable-length but fixed-duration segments.
These duration-consistent segments are then converted to the
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frequency domain and are aligned. We further utilize a fault-
free reference signal as a prior input, eliminating the need
for complex mechanism analysis for various bearing desig-
nations (Zheng et al. 2021).

Specifically, we first design a fault classification net-
work (FCN) to extract fault features based on the differ-
ences in frequency components between the query signal
segment and the fault-free reference signal segment. This
new frequency-based feature extraction paradigm for bear-
ing fault diagnosis is more efficient (i.e., faster convergence
and higher accuracy) and achieves stronger generalization,
compared to previous methods that extract fault features
directly from vibration signals. The extracted features are
then transformed and aligned into word embedding, which
is subsequently connected to user text embedding as inputs
to the LLM. To evaluate the performance of the proposed
method, we construct the first large-scale multimodal bear-
ing health management (MBHM) dataset, including paired
vibration signals and textual descriptions. Although the vi-
bration signals from the nine public datasets differ signif-
icantly in distribution, BearLLM with a set of pre-trained
weights achieves state-of-the-art performance using a uni-
fied vibration signal representation, outperforming special-
ized methods designed for individual datasets. The contri-
butions of this paper are summarized as follows:

• We propose a novel bearing multimodal large language
model, unifying multiple bearing health management
tasks by aligning vibration signals and textual prompts.

• We propose a prior knowledge-enhanced unified vibra-
tion signal representation to handle various working con-
ditions from multiple datasets.

• We construct the first large-scale multimodal dataset for
bearing health management (MBHM), involving vibra-
tion signals with associated textual descriptions.

• Experimental results show that our BearLLM outper-
forms state-of-the-art fault diagnosis methods on nine
publicly available benchmarks.

2 Related Works
Multiple Working Condition: Fault diagnosis under var-
ious working conditions from multiple datasets presents a
challenge due to the heterogeneity of collected signals aris-
ing from variations in the test rigs, sensors, and environment,
making it difficult to obtain unified features (Wen, Guo, and
Li 2023). Existing domain adaptation methods(Chen, Gryl-
lias, and Li 2020; Wan et al. 2022; Ma et al. 2023; Huo
et al. 2023) typically involves training a model under known
working conditions (source domain) and subsequently trans-
ferring knowledge to an unknown working condition (tar-
get domain). However, these approaches still necessitate in-
dividual transfer fine-tuning for each working condition in
practice, hindering its ability to generalize across multiple
scenarios. Domain generalization methods leverage training
on multiple working conditions and aim to align the feature
distributions of different domains through the design of net-
work architectures and loss functions (Jia et al. 2023; Zhu,
Chen, and Tang 2023; Hou et al. 2023b). However, these

approaches often rely on complex data preprocessing and
augmentation techniques to help models learn fault features
from vibration signals.

Multiple Tasks: Data-driven machinery health man-
agement have gained significant traction (Trabelsi et al.
2020).The concept of health management usually involves
multiple tasks (Omri et al. 2021; Zio 2022), including
anomaly detection, fault diagnosis, degradation prediction,
maintenance decision-making, etc. LLMs such as ChatGPT-
4 (OpenAI et al. 2024) have demonstrated exceptional capa-
bilities across a wide range of tasks. The emergence of open-
source foundational models like LLaMA 3 (Meta 2024)
and Qwen 2 (Bai et al. 2023) have further empowered re-
searchers in various disciplines to integrate these models
into their own applications. In the aviation domain, Liu et al.
(2024) applied generalized linear models to achieve multi-
ple tasks, including assembly guidance and assembly error
identification for aircraft engines. In the petroleum industry,
Eckroth et al. (2023) designed a question-answering system
based on LLM and knowledge graph, enabling retrieval of
functionalities such as stratigraphy data and geological age
determination. However, research integrating multiple tasks
using LLMs for bearing health management remains limited
(Li, Wang, and Sun 2024).

3 A Multimodal Bearing Health
Management Dataset

Although several bearing-related datasets in Tab. 1 are avail-
able, they generally collect vibration signals on a single test
rig, have a limited number of working conditions, and have
no corresponding textual descriptions for training LLM. We
have constructed a large-scale publicly multimodal dataset
for bearing health management (MBHM).

Dataset Sample
Rate (kHz)

Condi-
tions∗

Fault
Types

Time
(s)

Text

CWRU 12 / 48 12 10 3932 ×
DIRG 51.2 102 7 7140 ×
HIT 20 40 3 9648 ×
IMS 20 16 7 46480 ×
JNU 100 45 4 3600 ×
JUST 50 36 4 43986 ×
MFPT 48.8 / 97.6 1 3 78 ×
PU 64 4 5 7316 ×
XJTU 25.6 6 10 13336 ×
MBHM 12 ˜100 262 10 135516 ✓

∗ The same working conditions represent the same load, speed, and sensor.

Table 1: Comparison of different datasets. Our MBHM
dataset has the largest number of working conditions, the
most complete fault types, and the longest time, paired tex-
tual prompts/responses.

The MBHM contains 135,516 pairs of vibration signal
segments and fault types, and 542,064 pairs of text cues and
responses, of which each sample is shown in Fig. 3, contains
a vibration signal, a fault label, an operating condition id, a
user prompt, and a text response, ie, (Xv, Lv, C,Xt, Lt) ∈
MBHM. Our dataset contains 262 working conditions col-
lected from nine publicly accessible datasets, i.e., CWRU
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Figure 2: Architecture of our proposed BearLLM. Given a query vibration signal segment Xv and user instruction Xt as
input, the model retrieves a fault-free vibration signal segment X̃v with similar working conditions from the database as a
reference. Two vibration signals are converted into a unified representation through DCN. A feature encoder identifies fault-
related residuals between the two signals. The alignment layer converts these features into the word embedding HV . Finally,
an LLM is utilized with the user text embedding HT to generate multi-task natural language responses, where nt represents the
length of the encoded text embedding.

Working Condition 

Vibration Signal 

Prompt Text 

Response Text 

Fault Label 3 (severe inner ring)

12 (DIRG, 100rpm, 500N, sensor#1)
... provide targeted maintenance recommendations
based on the fault location and severity.
The bearing is in a severe faulty state of inner ring
fault. Maintenance recommendation: Replace the
bearing immediately to prevent further damage ...

Figure 3: Sample case of our MBHM dataset, includes vi-
bration signal Xv , fault label Lv , working condition C, the
specific task prompt text Xt, and the response text Lt.

(Case Western Reserve University 2008), DIRG (Daga et al.
2019), HIT (Hou et al. 2023a), IMS (Qiu et al. 2006),
JNU (Jiangnan University 2012), JUST (Ren 2023), MFPT
(Eric 2012), PU (Lessmeier et al. 2016), XJTU (Wang et al.
2020a). For each vibration signal, we have four different
tasks, i.e., anomaly detection, fault diagnosis, maintenance
recommendations, and potential risk analysis by generating
text responses using ChatGPT (OpenAI et al. 2024). De-
tailed methodologies for dataset construction are provided
in Appendix A.3. Our MBHM dataset contains the follow-
ing features:
• Multi-modal: Each vibration signal is paired with four

text prompts and responses, supporting the training and
development of multimodal multi-task models.

• Multiple working conditions: Our dataset covers a
wider range of working conditions, more accurately
modeling real-world industrial production scenarios.

4 Method
In this section, we propose BearLLM, a novel multimodal
model that unifies multiple bearing-related tasks. To handle
various working conditions across multiple datasets, we in-
troduce a prior knowledge-enhanced unified vibration signal
representation in Section 4.1. The unified vibration signal
is fed to a fault classification network to extract features in
Section 4.2. We convert and align the extracted features into
word embedding, and finally concatenate these with text em-
bedding as input to an LLM in Section 4.3.

4.1 Prior Knowledge-Enhanced Unified
Vibration Signal Representation

BearLLM aims to manage multiple bearing-related tasks
across hundreds of working conditions. The basis for this
is to build a unified vibration signal representation, involv-
ing adaptively sampling the vibration signal segments based
on the sensor sampling rate, incorporating the frequency do-
main to unify input dimensions, and using a fault-free ref-
erence signal to calculate residual as auxiliary inputs to im-
prove data utilization efficiency.

Adaptive Sampling To monitor various mechanical de-
vices across different working conditions and industrial sce-
narios, vibration sensors are deployed with varying desig-
nations and sampling rates. However, most fault diagnosis
methods (Zhu, Chen, and Tang 2023; Dong et al. 2024) use
fixed-length signal segments in the time domain as inputs,
where the fault frequency components in the inputs devi-
ate from their original intrinsic values and vary with the
sampling rate, hindering accurate fault diagnosis. Instead of
sampling fixed-length signal segments, we adaptively sam-
ple vibration signals as variable-length but fixed-duration
segments using prior knowledge of the sensor sampling rate.
We extract the m-th query signal segment Xv ∈ R1×s from
the original signal Xo by

Xv = Xo[ms, (m+ 1)s], (1)

where s denotes the sampling rate of the sensor and controls
the length of the Xv .

Frequency-Domain Input Alignment After adaptive
sampling, each query segment (Xv) has an equal duration,
and the frequencies of Xv are aligned. However, varying
lengths of Xv (due to different sampling rates) result in dif-
ferent numbers of frequency components, making them un-
suitable for input to the network. We design a discrete cosine
normalization (DCN) that consists of converting the vibra-
tion signal to the frequency domain using the discrete co-
sine transform (DCT), unifying the number nf of frequency
components using a pad or cut, and standardizing the ampli-
tude using the normalization N . The normalized frequency

19868



representation Fv ∈ R1×nf is obtained by

Fv =

{
N (DCT(Xv)[0, nf ]), if s ≥ nf

N (DCT(Xv) ∪ [0]nf−s), if s < nf
(2)

Signals with sampling rates below nf are zero-padded,
while those exceeding nf are cut. To balance computational
resources and fault classification accuracy, we empirically
set nf = 24000 (more detail in Tab. 3). To enhance training
stability, the amplitude of the frequency sequence is normal-
ized to [−1, 1],

N (x) = β

√
nx

∥x∥2
, (3)

where β is a scaling factor and is set to 0.01 by statistically
analyzing our MBHM dataset.

Fault-Free Reference Signal To eliminate distributional
differences from different inputs under various operating
conditions, we introduce fault-free signals as reference sig-
nals. 1) In practical use, the reference signal segment X̃v can
be collected and saved when the equipment is working prop-
erly, such as after factory acceptance or maintenance; 2) in
training on the MBHM dataset, X̃v is acquired by

X̃v ∼ {X∗
v |(X∗

v , L
∗
v, C

∗, X∗
t , L

∗
t ) ∈ MBHM,

L∗
v = 0, C∗ = C} .

(4)

This indicates that X̃v is selected when a signal (X∗
v ) of our

MBHM dataset is fault-free (i.e., L∗
v = 0) and has the same

working conditions as Xv (i.e., C∗ = C).
We combine the query frequency signal (Fv), the fault-

free frequency signal (F̃v), and the residual frequency signal
(Fres = Fv − F̃v) as unified vibration signal representation,

Rv = [Fv, F̃v, Fres]. (5)

4.2 Feature Extraction

Algorithm 1: Training Algorithm

Input: θE , θC , θA, θL the weights of feature encoder, lin-
ear classification layer, alignment layer, and LLM in our
BearLLM; Xv, Lv, Xt, Lt the vibration signal, fault label,
prompt text, and response text from MBHM dataset

Output: The optimal parameters of BearLLM θ∗E , θ
∗
A, θ

∗
L

Step 1: Pre-training FCN
for e← 1 to 50 epoches do
Rv ← Xv ◁ get unified representation by Eq. 5
P = FCN(Rv)

θ∗E , θ
∗
C

+←− −∇θE ,θC (CE(P,Lv)) ◁ cross-entropy
end for
Step 2: Fine-tuning BearLLM
Init. θA by Eq. 7
for e← 1 to 20 epoches do
Y = BearLLM(Xt, Xv)
θ∗A, θ

∗
L ← PEFT(Y,Lt)

end for
return θ∗E , θ

∗
A, θ

∗
L
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Figure 4: Structure of our proposed FCN. In the feature en-
coder, three wide convolutions are first used to extract main
features, followed by three MSCAB blocks to transform and
fuse multi-scale features for fault classification. The pre-
trained FCN is used to initialize the feature extractor and
alignment layer of BearLLM.

To extract the features of vibration signals, we propose a
fault diagnosis network (FCN) containing a feature encoder
parameterized by θE and a linear classification layer param-
eterized by θC , as shown in Fig. 4. We extract features from
the unified vibration signal representation (Rv) using three
separate convolutional layers with large kernels (Zhang et al.
2017) and no weight sharing. We then transform features by
three multiscale channel attention blocks (MSCAB) where
the multiscale features are fused using the channel attention
module (CAM) (Woo et al. 2018). Finally, we use two linear
layers for fault classification.

Our FCN takes unified representation (Rv) as input and
outputs the fault type (P ). The shape of P is [1, γ] and γ
denotes the number of fault types. We use cross-entropy loss
for training with fault label Lv as ground truth. The training
procedure is described in Algo. 1. The well-trained feature
encoder weights (θ∗E) of FCN are then used and frozen in
BearLLM (see Fig. 2), while the classifier weights (θ∗C) of
FCN are used to initialize the alignment layer.

4.3 Feature Alignment
We propose a feature alignment layer to embed vibration
features into word embedding, which is an MLP consisting
of three linear layers (i.e., l1, l2, l3). The weights of align-
ment layer is θA = [θ∗C , θl3 ], where θ∗C is the weights of
l1&l2 (i.e., two linear classification layers in FCN) and θl3
is the weights of l3. We use l3 transforms the output P of l2
into the word embedding Hv = reshape(l3(P )), i.e.,

P ∈ R1×γ l3−→ R1×τh reshape−→ HV ∈ Rτ×h, (6)

where τ signifies the token length after transformed, h is the
hidden size of the LLM.

The weight θl3 of l3 is initialized from the textual descrip-
tions K of all fault categories by

K ∈ Tγ×1 T→ Rγ×τ E→ Rγ×τ×h reshape−→ θl3 ∈ Rγ×τh,
(7)
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Method CWRU DIRG HIT IMS JNU JUST MFPT PU XJTU MBHM
Train and Test on Individual Datasets
Methods
for specific
conditions

WDCNN 71.60 41.23 94.42 96.03 55.71 49.67 75.00 75.84 95.99 -
TCNN 81.56 39.31 91.03 91.48 70.37 48.83 87.50 72.76 94.36 -
QCNN 80.55 46.58 96.04 95.46 51.06 48.67 87.50 78.46 96.49 -

Train on MBHM Dataset and Test on Individual Datasets

Methods
for specific
conditions

WDCNN 34.22 25.01 72.56 93.60 40.20 41.38 37.50 56.82 88.98 65.79
TCNN 15.98 14.98 54.05 91.87 29.91 26.43 25.00 51.69 85.00 57.20
QCNN 48.01 27.54 78.38 94.23 43.99 42.56 62.50 63.06 90.26 67.87
WDCNN+DCN 80.35 68.76 96.51 96.39 90.87 77.78 62.50 84.86 95.66 87.60
TCNN+DCN 48.40 28.19 68.60 92.41 46.98 48.19 12.50 68.49 90.96 68.98
QCNN+DCN 95.55 91.32 99.41 97.36 98.96 85.91 100.00 92.32 98.27 87.60

Methods
for cross
conditions

MagNet 12.07 15.80 42.50 91.96 29.09 27.31 25.00 30.68 85.23 55.54
BearingFM 41.18 14.29 33.33 92.18 48.39 58.78 33.33 54.22 88.45 75.18
MagNet+DCN 95.31 79.94 89.78 88.79 94.95 65.85 87.50 74.43 95.85 81.18
BearingFM+FCN 81.16 20.69 80.00 97.74 81.18 83.26 25.00 95.31 95.17 90.07

Ours 100.00 99.72 99.90 99.39 99.44 98.16 100.00 99.41 98.79 99.02
(+108%) (+262%) (+28%) (+6%) (+106%) (+67%) (+60%) (+58%) (+10%) (+32%)

Table 2: Accuracy comparison with existing methods. “+DCN” denotes the addition of DCN to the original method, while
“+FCN” indicates the replacement of the network of the original method with FCN, “(+108%)” represents a relative improve-
ment from 48.01% to 100%. Our approach not only surpasses the SOTA accuracy on the MBHM dataset but also achieves
results superior to those obtained from models trained specifically for individual datasets. The DCN and FCN components
demonstrate broad applicability across diverse scenarios.

where T stands for the text domain. E and T indicate the
embedding layer and tokenizer of the pre-trained LLM, re-
spectively. Using a tokenizer T and an embedding layer E,
we generate a word embedding from K, which is then re-
shaped into the weight matrix θl3 . See Appendix C.3 for
more details on initializing weights.

We use the pre-trained Qwen2-1.5B (Bai et al. 2023)
as our LLM parameterized by θL, achieving basic human-
computer interaction. However, its knowledge of specific
domains and generation quality still requires improvement.
We used the existing LoRA technique (Hu et al. 2022) and
a general pipeline PEFT (Mangrulkar et al. 2022) for simul-
taneous fine-tuning of the LLM and our proposed alignment
layer, which is detailed in Algo. 1.

5 Experiments
5.1 Experimental Setup
We implemented the proposed method using PyTorch
(Paszke et al. 2019). Both pre-training and fine-tuning are
performed on a single Nvidia RTX 4090 GPU. For pre-
training, comparison trials, and ablation experiments, we
used AdamW (Loshchilov and Hutter 2017) as the opti-
mizer, and the batch size was set to 1024 for up to 50 epochs
of training. Fine-tuning was performed using the existing
PEFT (Mangrulkar et al. 2022) library.

To evaluate the effectiveness of our method, we provide
quantitative comparison results for fault diagnosis, ablation
of key components, and a user study to assess the quality of
language responses. We addressed potential label leakage by
dividing the 9 public datasets into a 7:2:1 ratio individualy.
The training set for the MBHM dataset consists of the con-
catenated training sets of these individual datasets, ensuring
no overlap with their corresponding test sets. Other tasks in-
cluding anomaly detection, maintenance recommendations,
and potential risk analysis can be found in Appendix D.

5.2 Comparison With Fault Diagnosis Methods
We compared BearLLM with the following fault diagno-
sis methods. BearFM (Lai et al. 2024) and MagNet (Shi
et al. 2023) are intended for diagnosing faults under cross-
working conditions, while WDCNN (Zhang et al. 2017),
TCNN (Chen, Gryllias, and Li 2020), and QCNN (Liao
et al. 2023) are aimed at handling specific working condi-
tions. Detailed descriptions of these methods can be found in
Appendix B. To ensure a fair comparison, we re-implement
these methods and test them under the same setup in section
5.1. The results are displayed in Tab. 2.

acc (train)

lr+

(a)

(c)

(b)

Figure 5: Accuracy and learning rate trends during training
for different models. (a) Replacing the network of Bear-
ingFM with FCN resulted in increased accuracy and ac-
celerated convergence. (b) Incorporating DCN into QCNN
significantly mitigated overfit. (c) Our proposed method ex-
hibits the fastest convergence and highest accuracy.

Our DCN achieves greater accuracy compared to Bear-
ingFM (Lai et al. 2024) when used with the same FCN (see
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Fig. 5 (a)). The reason for this enhancement is likely due to
BearingFM using absolute values after the FFT of the enve-
lope spectrum. This method captures only the amplitude and
ignores crucial phase information. In contrast, DCN lever-
ages real-number computations, which help to reduce po-
tential information loss, and operates in less than 20% of the
time required by the comparison method. Combining DCN
with MagNet (Shi et al. 2023) and utilizing aligned data for
fusion augmentation has noticeably improved performance
on datasets with substantial distribution differences.

Reflected in Tab. 2, the three methods (WDCNN, TCNN,
QCNN) lacking data augmentation or alignment indicate
strong accuracy on some specific datasets. However, their
capacity to manage massive distribution differences is re-
stricted when trained on the MBHM dataset. Including DCN
eases the marked overfitting in QCNN (Liao et al. 2023),
leading to a substantial improvement in validation accuracy
(see Fig. 5 (b)). Similarly, adding DCN to both WDCNN
(Zhang et al. 2017) and TCNN (Chen, Gryllias, and Li 2020)
led to higher accuracy. Among all the methods tested, our
proposed method achieves the highest accuracy and con-
verges the fastest (within 20 epochs on the MBHM dataset
as shown in Fig. 5 (c)).

5.3 Ablation Experiments And Generalization

nf Param. FLOP Accuracy
6,000 0.4013M 0.0177G 97.70%

12,000 0.5979M 0.0353G 98.32%
24,000 0.9747M 0.0704G 99.02%
48,000 1.7448M 0.1408G 99.20%

Table 3: Comparison of the number of parameters and FLOP
of FCN under different nf settings as well as the accuracy
on the MBHM dataset.

The tests were carried out using four different nf settings
in DCN (see Eq. 2), as depicted in Tab. 3. As vibration in-
formation primarily resides in the low-frequency range, cut
is unlikely to significantly impact accuracy. By increasing
the number of frequency components, the distortion due to
cut can be minimized, which enhances the precision on the
MBHM dataset; however, this also raises parameters and
computation in FCN. To achieve a balance between accu-
racy and performance, we opt for 24,000 as the nf .

Method Accuracy Generalization
MBHM JUST IMS

Ours 99.02% 90.22% 98.52%
w/o DCN 72.15% 37.00% 91.46%
w/o F̃v, Fres 98.35% 87.52% 97.81%
w/o Fres 98.82% 87.83% 97.96%
w/o F̃v 98.63% 90.34% 98.29%

Table 4: A comparison of accuracy and generalization for
different ablation setups is presented.

Ablation studies were conducted to further validate the
effectiveness of each component in our proposed method.

We evaluated the performance by directly using raw time-
domain vibration signals (fixed-length segments) as input
and removing fault-free channels and residual channels sep-
arately and together.

Figure 6: Visualization of output features with t-SNE. (a)
Our method demonstrates clear inter-class separability. (b)
Removing the fault-free and residual channels results in the
signals from the same dataset exhibiting similar features.

Experimental results in Tab. 4 demonstrate significant ac-
curacy and generalization drops when using time-domain
signals only, further highlighting the efficacy of DCN. Ap-
plying the t-SNE, we compared the visualization of out-
put with and without fault-free and residual channels. The
blue box in Fig. 6 (b) shows how signal segments from the
same dataset cluster closely in the feature space. This in-
dicates that the model first identifies the dataset type be-
fore refining fault classification. Conversely, our proposed
method, as shown in Fig. 6 (a), reduces inter-dataset dif-
ferences. The model targets the residual between the query
signal segments and the fault-free signal segments, creating
a unified feature representation across the varying working
conditions, and improving the generalization.

We evaluate the generalization ability of our proposed
method using zero-shot settings. Among the publicly avail-
able datasets employed, JUST (Ren 2023) and IMS (Qiu
et al. 2006) are the largest. We trained on the MBHM(w/o
JUST&IMS) dataset, comprising only 35% of the MBHM
training data, and performed zero-shot tests on the JUST and
IMS datasets separately. On the JUST dataset, our method
achieves an accuracy of 90.22% without any fine-tuning. In
contrast, the method without fault-free and residual channels
achieves an accuracy of only 87.54%.

Fig. 7 (a,b) illustrates a comparison of confusion matrices
for zero-shot testing on the IMS dataset (Qiu et al. 2006),
with and without fault-free and residual channels. Given that
the IMS dataset is unbalanced (most samples are fault-free),
the overall accuracy drops slightly from 98.52% to 97.81%.
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(a) (b) (c) (d)

0- Fault-free
1- Minor Inner Ring
2- Moderate Inner Ring
3- Severe Inner Ring
4- Minor Ball
5- Moderate Ball
6- Severe Ball
7- Minor Outer Ring
8- Moderate Outer Ring
9- Severe Outer Ring

Figure 7: Confusion matrices for zero-shot performance in various scenarios. (a) Our method trained on MBHM(w/o
IMS&JUST) and tested on IMS shows relatively reliable accuracy. (b) The method without fault-free and residual channels
trained on MBHM(w/o IMS&JUST) and tested on IMS displays lower accuracy and a tendency to underestimate severity.
(c) Our method trained on MBHM(w/o CWRU) and tested on CWRU confirms generalization. (d) Our method trained on
MBHM(w/o CWRU&XJTU) and tested on CWRU further verifies the generalization of the unified representation.

However, the method without two auxiliary channels tends
to grossly underestimate the severity. For example, 61% of
severe outer ring faults are classified as moderate, and 23%
of moderate outer ring faults are identified as minor.

The CWRU (Case Western Reserve University 2008) and
XJTU (Wang et al. 2020a) datasets are the only ones that
include all ten types of faults. To confirm the potential to
create a unified representation, we trained our model on
the MBHM(w/o CWRU) and MBHM(w/o CWRU&XJTU)
datasets, respectively. We then performed zero-shot testing
on the commonly used CWRU dataset, with the results of
the confusion matrices displayed in Fig. 7 (c,d). Our method
achieves remarkable accuracies of 90.26% and 89.14% on
the untrained CWRU dataset for each setting, respectively.
This result is even better than some methods trained on
CWRU, which shows the generalization of our unified repre-
sentation method and does not depend on any specific com-
plete dataset for training.

5.4 User Study

Task A B C D
FCN 9% 10% - -
w/o fine-tune 44% 32% 46% 45%
BearLLM 47% 58% 54% 55%

Table 5: Voting results from user study. Tasks A-D corre-
sponds to anomaly detection, fault diagnosis, maintenance
recommendations, and potential risk analysis. The fine-
tuned BearLLM was the most favored across all tasks.

Tab. 5 summarizes the outcomes of four different tasks,
with users choosing the best outputs from FCN, untuned
BearLLM, and fine-tuned BearLLM in blind trials. Notably,
in simpler tasks, few users chose the fault code output,
while most preferred the natural language output. Fig. 8 il-
lustrates examples of outputs before and after fine-tuning.
Appendix D provides further comparisons for various tasks.
Fine-tuning did not significantly affect the output of the sim-
ple anomaly detection task. In the fault diagnosis task, the
model without fine-tuning sometimes missed information on
fault severity, an issue that was resolved with fine-tuning.
For the two more complex tasks, the fine-tuned model pro-
duced more accurate and detailed responses. Our method ad-

dresses the challenge faced by non-experts in utilizing main-
tenance systems due to their complexity.

User

Based on the bearing condition description, report the
current state of the bearing. If the bearing is in a faulty
state, provide targeted maintenance recommendations ba-
sed on the fault location and severity.

BearLLM

The bearing has a minor fault of its inner ring. No im-
mediate action is required for this type of fault. However,
it's imp-ortant to monitor the condition closely over time.
Maintenance recommendations:
- Regular inspection and monitoring of the bearing.
- Consider replacing the bearing if it shows signs of wear or
damage over time. If the fault persists, additional checks
might be needed, such as a more thorough inspection or a
replacement of the entire assembly (if necessary).

BearLLM
w/o fine-tune

The bearing is in a minor fault state of the inner ring.
Targeted maintenance recommendation for this situation
would be to replace the inner ring of the bearing im-
mediately to prevent further damage and ensure proper
functioning.

Figure 8: Examples of inputs and outputs of BearLLM. Vi-
bration signals and task requirements are provided as user
input, resulting in relevant natural language text output. The
fine-tuned BearLLM exhibits improved response quality.

6 Conclusion
We propose BearLLM, a novel multimodal bearing health
management framework that is the first attempt to unify mul-
tiple bearing-related tasks using LLMs, including anomaly
detection, fault diagnosis, maintenance recommendations,
and potential risk analysis. To build this unified frame-
work, we introduce a prior knowledge-enhanced vibration
signal representation for hundreds of different working con-
ditions and construct the first large-scale multimodal bear-
ing health management (MBHM) dataset. Experimental re-
sults on nine public fault diagnosis datasets show that Bear-
LLM outperforms state-of-the-art methods, even surpassing
those specifically trained on individual datasets. In addition,
our frequency domain input alignment and feature extrac-
tion modules are plug-and-play, significantly improving the
performance of other fault diagnosis models. We hope our
work can inspire future research on building more capable
industrial multimodal models.
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