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A B S T R A C T

With the growth of the industrial internet of things, the poor performance of conventional deep learning
models hinders the application of intelligent diagnosis methods in industrial situations such as lack of fault
samples and difficulties in data labeling. To solve the above problems, we propose a fault diagnosis framework
based on unsupervised meta-learning and contrastive learning, which is called automatic clustering with meta-
learning (ACML). First, the amount of data is expanded through data augmentation approaches, and a feature
generator is constructed to extract highly discriminative features from the unlabeled dataset using contrastive
learning. Then, a cluster generator is used to automatically divide cluster partitions and add pseudo-labels for
these. Finally, the classification tasks are derived through taking original samples in the partitions, which are
embedded in the meta-learner for fault diagnosis. In the meta-learning stage, we split out two subsets from
task and feed them into the inner and outer loops to maintain the class consistency of the real labels. After
training, ACML transfers its prior expertise to the unseen task to efficiently complete the categorization of new
faults. ACML is applied to two cases concerning a public dataset and a self-constructed dataset, demonstrate
that ACML achieves good diagnostic performance, outperforming popular unsupervised methods.
1. Introduction

The industrial internet of things (IIOT) has gained significance of
traction. Among the developments that IIOT can facilitate, there is great
interest on intelligent fault diagnosis and predictive maintenance for
industrial equipments (Lei et al., 2020; Feng et al., 2023; Liu and Li,
2024). This is obtained by the availability of massive operating data
collected by sensors, which contain information valuable for decision-
making. Most fault diagnosis methods are constrained by the need
of a large amount of supervised data, but data labeling is costly and
time consuming if possible (Zhao et al., 2024; Cha et al., 2024). Given
the reliability of industrial equipment, which operates in challenging
environments, and the instability of the system operating conditions,
accurate data collection in fault states is difficult, which results in
scarcity of labeled data (Mueller, 2024; Cha et al., 2018; Ouyang et al.,
2024). Data scarcity generally leads to overfitting problems in fault
diagnostic models. On the other hand, Unlabeled data are normally
collected, and unsupervised learning methods are employed to perform
representation learning and information mining on unlabeled data.
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When data are scarce and traditional deep learning cannot gener-
alize the tasks, meta-learning methods (Feng et al., 2022a; Lao et al.,
2024; Tsialiamanis et al., 2024) with less hyperparametric optimization
requirements and strong generalization ability become interesting to
improve the performance of models on unknown tasks by drawing
on prior knowledge to solve problem of few-shot fault diagnosis. The
training of meta-learning can be divided into two phases: inner and
outer loops (Zhang et al., 2022; Jia et al., 2024). The goal of the
outer loop is to learn how to adapt quickly between multiple tasks
and generate a model with better generalization capabilities. A set
of model parameters that are more appropriate to the current task
scenario are quickly updated and generated based on the current input
dataset. The inner loop is based on this set of parameters to fine-
tune the training to allow the model to better learn specific task
scenarios. The inner loop and outer loop iterations alternate. By ap-
plying gradient descent to obtain the optimal initialization parameters,
gradient-based meta-learning (Choe et al., 2024; Huisman et al., 2023)
can update the initialization parameters by averaging the gradients
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Fig. 1. Explanation of category consistency. Elliptical regions represent clusters with the same pseudo-label, and different shapes represent samples with different true labels. (a)
Clustering bias leads to inconsistencies of true categories. (b) Ensuring consistency of true categories through contrastive learning.
between tasks, which will result in all tasks contributing equally to the
model optimization (Vettoruzzo et al., 2024). Each task may contribute
differently to updating the gradient, and a reasonable distribution
of tasks is crucial for the generalization ability of the model. When
the distribution of tasks is not reasonable, i.e., the gradients are not
consistent, it may lead to a decrease in the generalization ability of
the model (Baik et al., 2024). Existing researches on task gradient
divergence problem mainly focus on network structure optimization
and loss optimization. Network structure optimization methods include
task hierarchy and feature fusion, but are less scalable (Hu et al., 2021b;
Wang et al., 2021; Feng et al., 2022b); loss optimization methods
reduce gradient disagreement by weighting different tasks or improving
the loss function, but the optimization of hyperparameters relies on
expert knowledge (Feng et al., 2021; Liu et al., 2022). Therefore, a
reasonable task distribution should show enough regularity.

Model-Agnostic Meta-Learning (MAML) (Finn et al., 2017) is an
optimization-based meta-learning approach that learns useful initializa-
tion parameters for quick adaptation to new tasks, but the fast learning
process is hindered by the fact that MAML shares initialization in the
task distribution (Baik et al., 2020). MAML averages the gradients be-
tween tasks to update the initialization parameters, ensuring that each
task contributes equally to the optimization of the model. However,
as tasks will always be distributed unevenly, each task contributes
differently to the gradient update of the meta-model, causing MAML to
conflict when the initialization position is altered (Zhao et al., 2023b).
Transfer learning can gain a priori knowledge from the source task
and improve the performance of the model by fine-tuning it to fit
different scenarios. The combination of transfer learning and MAML
can utilize the prior from the source tasks to calibrate the model and
improve the performance of new tasks (Upadhyay et al., 2021). The
difference between inner and outer loop tasks creates the conditions for
this combination, and meta-learning performs fault diagnosis by means
of meta-features related to transferability. In this paper, a task encoder
is embedded in MAML to obtain the meta-representation of each sample
while using it to add weights to the tasks. When the gradient of a task
differs significantly from the average gradient of all tasks, the weight
of such a task is automatically reduced by the task encoder, which in
turn weakens its interference in updating the model parameters. Then,
the weights obtained for different tasks are linked to the gradients for
meta-optimization.

To enable the use of unlabeled data in meta-learning, this paper
proposed to apply a clustering method (K-means) (Sinaga and Yang,
2020) to divide multiple cluster-based subsets and automatically, then,
pseudo-labels are added to the samples in these subsets for constructing
meta tasks. However,

1. When constructing the meta-task, due to the bias of clustering,
it is not guaranteed that the meta-training set and the meta-test
set have the same true labels if the samples in the subset are
selected randomly, as shown in Fig. 1(a).

2. Simply embedding the original sample set into the unsupervised
method does not result in distinctly differentiated clusters.
2 
Unsupervised learning does not require expert knowledge in signal
processing; it can directly extract abstract features from unlabeled
data to determine sample distribution relationships (Aliramezani et al.,
2022; Su et al., 2022; Cha and Choi, 2017). Most unsupervised learning
fault diagnostic methods cluster unlabeled datasets using a metric-
based technique that performs hard assignment by calculating the
distance between measurement samples or models to label data samples
into specific classes (Hu et al., 2021a; Xiao et al., 2021; Wang and
Cha, 2021; Entezami et al., 2023). High-quality feature embedding
can be obtained automatically by a carefully designed unsupervised
encoder, which eliminates the tediousness of manual feature extraction,
and greatly improves the classification accuracy of the downstream
model (Zheng and Zhao, 2020). In terms of fault diagnosis, current
feature embedding methods only consider the similarity of samples
from the same category and do not consider the distance between
samples from different categories, whereas the self-supervised method,
as a kind of unsupervised learning, does (Huang et al., 2022; Wang
et al., 2023).

For unlabeled datasets containing different faults, contrastive learn-
ing (Zhao et al., 2023a; Ding et al., 2022; Tang et al., 2024) can
aggregate similar fault samples while increasing the differences be-
tween samples of different fault types (Wang et al., 2022). The feature
generator in this paper is randomly used for data augmentation of
vibration signals, ensuring the abundance and diversity of the dataset,
and it is combined with the contrastive learning method to generate the
more robust feature representation which improves the cluster differen-
tiation. When the same sample is augmented twice, the results obtained
by an encoder will be biased so that positive pairs are constructed in
this way (Peng et al., 2022), and the remaining samples are used as
negative pairs. The raw samples that have matched the pseudo-labels
can be split to achieve the same real categories for the data input to
the inner and outer loops, as shown in Fig. 1(b). Therefore, it must be
ensured that category differentiation is high when adding pseudo-labels
and that the data input to the inner and outer loops has the same real
categories to obtain models with high classification accuracy.

An unsupervised fault diagnosis framework is designed by combin-
ing contrastive learning and the clustering method with meta-learning,
automatic clustering with meta-learning (ACML), for solving few-shot
fault diagnosis problem with unlabeled data.First, data augmentation
mechanisms with contrastive learning are used as a feature generator
to obtain high-quality feature representations. Then, the feature set is
clustered using the cluster generator K-means, and partitions of the
index set are constructed by adding pseudo-labels for original samples.
The indexes are grouped according to their labels. Finally, cluster
partitions are obtained by iterating the above steps to generate tasks.
The original dataset that has obtained pseudo-labels is split in the meta-
learner to ensure that samples with the same labels in the inner and
outer loops belong to the same real class, the supervised meta-learning
method is used to complete the fault diagnosis. Disagreement in the
direction of the task update gradient can impair the performance of
MAML during the initialization position update of the parameters, and
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Fig. 2. The structure of the feature generator.
Adding weights for the tasks is proposed to obtain dynamic meta-
representation, which weakens the effect of irrelevant information that
hinders fast adaptation to obtain gradient agreement. The following are
the primary contributions of this paper:

1. Fault diagnosis for unseen tasks is accomplished with unlabeled
datasets. It is experimentally verified that ACML can achieve
better performance than popular unsupervised meta-learning
methods.

2. The purpose of the unsupervised method embedded in meta-
learning is achieved by using contrastive learning and the clus-
tering method, which also makes the ACML ensure a high degree
of category differentiation when pseudo-labels are automatically
added.

3. During the meta-learning, the accuracy of the meta-learning
model is improved by separating the original dataset set into
two sets and feeding them into the inner and outer loops as
meta-training and meta-test data, respectively, ensuring category
consistency.

2. Automatic clustering with meta-learning

2.1. Feature generator

In this paper, Gaussian noise (Li et al., 2020), Laplacian noise
(Chen et al., 2022), mask noise (Li et al., 2020), and signal transla-
tion (Li et al., 2020) are selected for data augmentation, the structure of
the feature generator is shown in Fig. 2. This is a simple and successful
feature generation method in which the same data are utilized to
randomly generate positive sample pairs using two of the above four
data augmentation methods (Russell et al., 2024). Each data augmen-
tation method has a trigger probability of 0.25, and the features are
then extracted in an encoder. The detailed parameters of the four
data augmentation methods are shown in Table 1. Given a mask 𝐌,
where the probability of each data point of the sample becoming 0
is 𝜂, otherwise the probability is 1, 𝑎𝑡𝑟𝑎𝑛 is the maximum translation
length, 𝑎𝑡𝑟𝑎𝑛 > 0, where a positive value indicates forward translation
and a negative value indicates backward translation. The above steps
are repeated for each sample, making the similar features closer and
rejecting the dissimilar ones.

For the dataset {𝐗𝑖}𝑚𝑖=1, An encoder 𝐳𝑖 = 𝑓 (𝐗𝑖) is designed, and then
the samples that complete data augmentation are fed to the encoder
to obtain 𝐳𝑖𝑚𝑖 . The deep residual shrinkage network (DRSN) (Zhao
et al., 2019) is chosen as the encoder 𝑓 (∗), which consists of 18
3 
Table 1
Detailed parameters of the data augmentation methods.

Method Equation or explanation Value

Gaussian noise 𝐗̄ = 𝐗 + 𝐠, 𝐠 ∼ 𝑁(𝜇 , 𝜎2) 𝜇 = 0, 𝜎2 = 0.03
Mask noise 𝐗̄ = 𝐌 ⋅ 𝐗 𝜂 = 0.1
Laplace noise 𝐗̄ = 𝐗 + 𝐋,𝐋 ∼ 𝜍(𝜇 , 𝑏2) 𝜇 = 0, 𝑏2 = 0.02
Signal translation [−𝑎𝑡𝑟𝑎𝑛 , 𝑎𝑡𝑟𝑎𝑛] 𝑎𝑡𝑟𝑎𝑛 = 90

Table 2
Structure of the projection.

Network Output size Layers

Projection
1024 Input feature representation
1024 Linear (1024, 1024), BatchNorm1D, ReLU
512 Linear (1024, 512), BatchNorm1D, ReLU
64 Linear (512,64), ReLU

convolutional layers. The output layer of the DRSN is replaced by
the projection head (Chen et al., 2020; Sun et al., 2023), which is
a multilayer perceptron with 3 layers of dense, and the activation
function is ReLU. The capacity of the projection head is increased by
replacing the output layer of the DRSN with three linear layers. The
nonlinear transformation projection head can improve the quality of
the convolutional representation of its previous layer. Cosine similarity
is used to determine the similarity of different samples.

𝑠(𝑖, 𝑣) = 𝐳𝑇𝑖 𝐳𝑣
𝜅 ‖
‖

𝐳𝑖‖‖ ‖‖𝐳𝑣‖‖
, 𝑖 ≠ 𝑣 (1)

where 𝜅 denotes the temperature parameter, and its role is to regulate
the level of attention for difficult samples. It is assumed that 𝐳𝑖 and
𝐳𝑗 are positive pairs, and the softmax function is used to obtain the
similarity probability of (𝐳𝑖, 𝐳𝑗 ).

𝑔(𝑖) = 𝑒𝑠(𝑖,𝑗)
∑2𝑚
𝑣=1 𝑒𝑠(𝑖,𝑣)

(2)

where 𝑚 is the total number of samples. The resulting loss function
𝐿 (Chen et al., 2020) is
𝑙(𝑖) = − log(𝑔(𝑖)) (3)

𝐿 = 1
2𝑚

𝑚
∑

𝑣=1
[𝑙(2𝑣 − 1, 2𝑣) + 𝑙(2𝑣, 2𝑣 − 1)] (4)

Please refer to Table 2 for the detailed structure of projection.
After the feature generator completes the pretraining, the weights of

the encoder and projection head are determined. When the downstream
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task is arranged, the projection head is removed. By freezing the
weights of the encoder, the output feature maps are used as proxies for
representation quality. Rather than feeding {𝐳𝑖}𝑚𝑖 into the downstream
model, the feature map in the encoder before the projection head is
taken as the final representation 𝑈 = {𝐡𝑖}𝑚𝑖=1.

2.2. Cluster generator

When there are only feature representations without labels, it is
necessary to divide the representations with similar attributes into a
cluster through cluster analysis, and then pseudo-labels can be auto-
matically added to this cluster (Ding and Jia, 2021; Hsu et al., 2018;
Pan et al., 2024). K-means (Sinaga and Yang, 2020) is applied as a
luster generator to better collect feature distribution information. The
nsupervised algorithm K-means is first learned on 𝐔 and then the
ata 𝐡𝑖 is embedded into the space 𝐙 to obtain 𝐳𝑖. To obtain different
ask sets, 𝑝 partitions 𝑃𝑝 = (𝐶𝑐 )𝑝 are generated by running the cluster
enerator 𝑝 times. Denotedly, 𝑜𝑐 is the centroid of the cluster 𝐶𝑐 , the
lustering process can be represented as

𝑃 = ar g min
{𝐶𝑐},{𝑜𝑐}

𝑘
∑

𝑐=1

∑

𝐳∈𝐶𝑐

‖

‖

𝐳 − 𝑜𝑐‖‖
2 (5)

Each task is constructed by sampling partitions from 𝜇(𝑃 ), for ℎ𝑖 ∈
𝑐 , specifying pseudo-label 𝑙𝑖 = 𝑐. Significantly, a pseudo label 𝑙𝑖

s added to the corresponding 𝑋𝑖 by means of ℎ𝑖. The 𝐶 is much
arger than the true number of categories. Following the addition of
seudo-labels to the cluster features, 𝐶 different categories are built,
ultiple samples are taken individually for each of the constructed

ategories, and 𝐶 different one-hot vectors are used as task-specific
abels. Concomitantly, the better the clustering, the fewer incorrectly
abeled categories there will be, and the model will be more accurate.

When the number of clusters is small, K-means clustering, due to
ts unconstrained nature, often results in clusters containing multiple

true labels. This leads to unbalanced tasks and a higher incidence
of pseudo-labeling errors. A higher number of clusters improves la-
bel consistency within clusters, minimizing pseudo-labeling errors and
benefiting meta-learning (Bertugli et al., 2020).

2.3. Meta-learner

By generating labeled tasks, the meta-learner proposed in this paper
is the supervised meta-learning method. The core principle of MAML
is to find a better initial parameter 𝜃 for an unknown task, allowing
he model to learn quickly with fewer gradient steps to obtain high

accuracy. MAML in the meta-training consists of inner loops and outer
loops. In the inner loops, the optimal parameter 𝜃′𝑛 for each task 𝜏𝑛
is discovered, and in the outer loops, the gradient of the optimal
parameter 𝜃′𝑛 in each new task needs to be calculated to update the
randomly initialized model parameters 𝜃 (Zhang et al., 2021). The
data input to the inner and outer loops should be different. A gradient
descent update mechanism is proposed to obtain an improved MAML
(iMAML), as shown in Fig. 3. Two networks with mutually independent
parameters are first built: a task encoder 𝑡 parametrized by 𝜃 and a
ase learner parametrized by 𝜔. By combining these two networks,
𝜃 ,𝜔(𝑥) = 𝜁 𝜔(𝑡𝜃(𝑥)) is obtained. By adding a task encoder in the

outer loop to learn the meta-representation of each task instead of
learning the model initialization, the adaptive capability of the model
can be improved (Zhao et al., 2023b). When performing the gradient
computation in the inner loop, only the parameters of the base learner
are updated, and then the task encoder and the base learner are updated
simultaneously in the outer loop. The task encoder is used to minimize
the meta objective, and the parameters of this network are fixed in the
meta test phase.

In the task encoder, the 𝑖th layer tensor 𝑥𝑖 performs the convolution
peration as follows,
̂ 𝑖 = 𝑤𝑖 ∗ 𝑥𝑖 + 𝑏𝑖 (6)

4 
where ∗ is a convolution operation, 𝑤𝑖 is the convolution weight of the
𝑖th layer tensor, 𝑏𝑖 is the convolution bias of the 𝑖th layer tensor, and
̂ 𝑖 is the output of the convolution. Further,

𝑤𝑖 = 𝑤𝑖𝑠 ∗ 𝑤
𝑖
𝑡 (7)

where 𝑤𝑖𝑠 is the shared weight of all tasks, which is fixed in the inner
loop, and 𝑤𝑖𝑡 is the weight of the current task.

For each task 𝜏 = {...((𝐱𝑖, 𝐱̄𝑖), 𝑙𝑐 )...}, 𝐗 is divided equally into 𝐱 and
𝐱̄. 𝑁 feature samples are taken for analysis. To ensure that the datasets
nput to the inner and outer loops have the same classification labels,

The datasets are split into 𝐷𝑛
1 = {...(𝐱𝑖, 𝑙𝑐 )...}, 𝐷𝑛

2 = {...(𝐱̄𝑖, 𝑙𝑐 )...}, and
hen input 𝐷𝑛

1 to the inner loop to train the model. The optimal set of
parameters for loss minimization is found as follows

𝜔′
𝑛 = 𝜔′

𝑛 − 𝛼∇𝜔′𝑛𝐿𝜏𝑛 (𝜑𝜃 ,𝜔′𝑛 ({𝐱𝑖}𝑚𝑖=1, {𝑙𝑐}𝐶𝑐=0)) (8)

where 𝜃′𝑛 is the optimal parameter for task 𝜏𝑛, 𝛼 is the hyperparameter,
and ∇𝜔′𝑛𝐿𝜏𝑛 (𝜑𝜃 ,𝜔′𝑛 ) is the gradient of task 𝜏𝑛.

The optimal parameters are found by the above steps for each 𝜏𝑛 in
𝑇 . In the outer loops, the gradients of these optimal parameters 𝜔′

𝑛 are
computed. 𝐷𝑛

1 is sampled to obtain the task 𝜏𝑛 and inputted into the
odel for training to update the random initialization parameters 𝜃.

𝜃 = 𝜃 − 𝛽∇𝜃
∑

𝜏𝑛

𝐿𝜏𝑛 (𝜑𝜃 ,𝜔′𝑛 ({𝐱̄𝑖}𝑚𝑖=1, {𝑙𝑐}𝐶𝑐=0)) (9)

where 𝛽 is the hyperparameter and ∇𝜃
∑

𝜏𝑛
𝐿𝜏𝑛 (𝜑𝜃 ,𝜔′𝑛 ) is the gradient of

the new task 𝜏𝑛 with respect to the parameters 𝜔′
𝑛. The loss function

𝜏𝑛 of the meta-learner is shown as follows,
𝐿𝜏𝑛

(

𝜑𝜃 ,𝜔
)

=
∑

𝐱𝑖 ,𝑙𝑖∼𝜏𝑛

𝑙𝑐 log
(

𝜑𝜃 ,𝜔
(

𝐱𝑖
))

+
(

1 − 𝑙𝑐
)

log
(

1 − 𝜑𝜃 ,𝜔
(

𝐱𝑖
))

(10)

The ACML algorithm is detailed in Algorithm 1.

Algorithm 1 Automatic Clustering with Meta-learning
Require: Unlabeled dataset: 𝐷 = {𝐗𝑖 = (𝐱𝑖 , 𝐱̄𝑖)}𝑚𝑖=1, Cluster generator algorithm: 𝛿, Feature

Generator Algorithm: 𝜓 , hyperparameters: 𝛼, 𝛽.
1: Run the algorithm 𝜓 on 𝐷 to generate the feature sets 𝑈 = {𝐡𝑖}𝑚𝑖=1;
2: Run the algorithm 𝛿 on the observations {𝐡𝑖} of the feature set 𝑈 to generate partitions

{𝑃𝑝 = (𝐶𝑐 )𝑝};
3: Construct task 𝜏 = {...(𝐗𝑖 , 𝑙𝑐 )...} from the clustering partition {𝑃𝑝} , where 𝑙𝑐 the

pseudo-label;
4: while not done do
5: randomly initialize 𝜔;
6: Sample a batch of tasks 𝑇 ;
7: for each 𝜏𝑛 in 𝑇 do
8: Sample dataset from the constructed task 𝜏𝑛 and split them into 𝐷1 = {...(𝐱𝑖 , 𝑙𝑐 )...}

and 𝐷2 = {...(𝐱̄𝑖 , 𝑙𝑐 )...};
9: 𝜔′𝑛 = 𝜔;
10: Calculate ∇𝜔′𝑛𝐿𝜏𝑛 (𝜑𝜃 ,𝜔′𝑛 ) using 𝐷1 ;
11: Update the model to obtain the adaptive parameters 𝜔′𝑛 = 𝜔′𝑛 − 𝛼∇𝜔′𝑛𝐿𝜏𝑛 (𝜑𝜃 ,𝜔′𝑛 )

for 𝜏𝑛;
12: end for
13: Update 𝜃 ← 𝛽∇𝜃

∑

𝜏𝑛 𝐿𝜏𝑛 (𝜑𝜃 ,𝜔′𝑛 ) using 𝐷2 ;
14: end while
15: Obtain optimized parameters 𝜃 and task-specific weights 𝜔.

The framework of ACML is shown in Fig. 4. In the meta-testing
phase, the prior knowledge gained in the unsupervised meta-training
is extended to unseen tasks. The structure of meta learner is shown in
Table 3, where 𝑁 indicates the number of categories.

Flowchart of the proposed model is shown in Fig. 5. In the meta-
testing phase, the optimized parameters learned from meta-training are
used. A small number of gradient updates are performed based on the
upport set to update the model parameters to quickly adapt to the new
asks, and then the updated parameters are used for fault prediction on
he query set.

3. Experimental verification

For the purpose of validating the performance of this method, the
Case Western Reserve University (CWRU) dataset (Smith and Randall,
2015) and a rotor dataset obtained through a self-built test bench are
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Fig. 3. Gradient descent update mechanism.
Fig. 4. The framework of ACML. The feature generator is used to obtain more discriminative feature embeddings, prompting downstream module to obtain more accurate
pseudo-labels; the cluster generator is employed to obtain pseudo-labels and also to match these pseudo-labels for the original samples. and unseen faults are diagnosed by the
trained meta-learner.
Table 3
Structure of the meta learner.

Network Output size Layers

Task encoder

1 × 1024 Input feature representation
64 × 512 Conv1D(3 × 1, stride 1, padding 1), BatchNorm1D, ReLU, MaxPool (2 × 1, stride 2)
64 × 256 Conv1D(3 × 1, stride 1, padding 1), BatchNorm1D, ReLU, MaxPool (2 × 1, stride 2)
64 × 128 Conv1D(3 × 1, stride 1, padding 1), BatchNorm1D, ReLU, MaxPool (2 × 1, stride 2)

Base learner

64 × 64 Conv1D(3 × 1, stride 1, padding 1), BatchNorm1D, ReLU, MaxPool (2 × 1, stride 2)
64 × 32 Conv1D(3 × 1, stride 1, padding 1), BatchNorm1D, ReLU, MaxPool (2 × 1, stride 2)
64 × 16 Conv1D(3 × 1, stride 1, padding 1), BatchNorm1D, ReLU, MaxPool (2 × 1, stride 2)
64 × 8 Conv1D(3 × 1, stride 1, padding 1), BatchNorm1D, ReLU, MaxPool (2 × 1, stride 2)
512 Flatten
N Linear (512, N), SoftMax
employed to validate the effectiveness of ACML in few-shot scenarios.
There is no supervised information added to the two datasets, and only
the samples are normalized. There is no overlap between the source
and target domain data.

3.1. Datasets

(1) Case Western Reserve University (CWRU) dataset. This dataset
is widely used in the field of fault diagnosis for rotating machinery.
The vibration data of the bearings at the drive end and the fan end
under different operating conditions (0 HP, 1 HP, 2 HP and 3 HP) are
used to study four states: normal (NOR), inner ring fault (IF), outer ring
fault (OF) and rolling element fault (RF). Each fault is characterized
by four diameters, which are 0.007, 0.014 and 0.021 inch respectively.
The sampling frequency is 12 kHz. As shown in Table 4, 76 fine-grained
5 
states are considered in this experiment, and only the vibration signal is
normalized. The data set was randomly divided into a meta-training set
consisting of 62 categories and a meta-test set consisting of 14 unseen
categories. In the training set, the number of samples per category is
220, and similarly, the number of samples per category in the test set
is also 220.

(2) Rotor dataset. The rotor test bench is shown in Fig. 6. It
consists of motor, coupling, sliding bearing and rod-fastened rotor. The
displacement signals in the two orthogonal directions of the rotating
shaft are measured by eddy current sensors, and the vibration signals
on the bearing support at both ends are measured by accelerometers.
This experiment consists of four different states: normal condition
(NC), misalignment (Mis), rub-impact (Rub), and a combination of rub-
impact and misalignment (Com). Mis has three levels, 0.3 mm, 0.6 mm
and 0.9 mm. The above four states were collected in the test cases of 50
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Fig. 5. Flowchart of the proposed model.
Table 4
Fault information of CWRU dataset.

Location Speed (rpm) Load (hp) Status Fault size (inch) Category Train/Test

Drive end 1797, 1772, 1750, 1730 0,1, 2,3 NOR, IF, RF, OF 0.007, 0.014, 0.021, 0.028 4 + 15 × 4 = 64 220/220
Fan end OF 0.007, 0.014, 0.021 3 × 4 = 12 220/220
Table 5
Fault information of rotor dataset.

Location Speed (rpm) Status Category Train/Test

Pre-70 800, 1000, 1200, 1400
NC, Rub, Mis-0.3, Mis-0.6, Mis-0.9, Com-0.3, Com-0.6, Com-0.9

4 × 8 = 32 200/200
Pre-90 4 × 8 = 32 200/200
Pre-50 400, 600, 800, 1000,1200 5 × 8 = 40 200/200
N m (Pre-50), 70 N m (Pre-70), and 90 N m (Pre-90), and the sampling
frequency was set to 3.2 KHz. Also, the experiment considered different
rotational speeds under various preload states, as shown in Table 5.
The experiment has 104 fine-grained faults. The dataset was randomly
divided into a meta-training set with 84 categories and a meta-test set
with 20 unseen categories. In the training set, the number of samples
per category is 200 and also, the number of samples per category in
the test set is 200.

The fault is modeled in accordance with Fig. 7. Samples with various
orking conditions are chosen, utilizing only the vibration data in the

X-direction of the right bearing support as input. The vibration signals
at different preload as well as at different rotational speeds are shown
in Fig. 8. Vibration data is highly affected by noise. At low speed,
the vibration amplitude is greater, and a larger preload reduces the
6 
amplitude. Rub-impacts produce distorted vibration waveforms with
clipping. In coupling fault, the effect of misalignment dominates.

3.2. Implementation details

To assess the diagnostic capability of ACML, training is conducted
using the unlabeled dataset, and then unseen faults are diagnosed
by sampling 1 or 5 examples per state throughout the meta-learning
process. First, the CWRU dataset and the rotor dataset are enhanced
with high-quality abstract features created by the feature generator;
at this stage, the number of input sample data points is 2048, and
the number of output feature vectors 𝐡𝑖 is 1024. The dimension of
𝐱 and 𝐱̄ is 1024. The cluster generator is run iteratively to construct
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Fig. 6. Rotor test bench.
Fig. 7. Different forms of faults. (a) The bearing support is padded with feelers to
create the misalignment fault; (b) the plastic rod is used to contact the rotor to create
the rub impact fault; and (c) various preloads are applied to the rod-fastened rotor
using a torque wrench.

Table 6
Hyperparameter settings of ACML.

Parameter Value Parameter Value

Feature generator optimizer Adam Meta-batch 16
Feature generator learning rate 0.005 Meta-iterations 600
Temperature 0.1 or 0.2 Tasks 1000
Outer loop optimizer Adam Partitions 50
Outer loop learning rate 0.001 Inner loop learning rate 0.05
Inner loop optimizer SGD Inner gradient step 1

tasks, which are fed into the meta-learner iMAML for fault diagnosis.
Hyperparameter settings of ACML are described in Table 6.

In this paper, supervised meta-learning methods MAML (Finn et al.,
2017), ProtoNet (Feng et al., 2022a) and few-shot defect recognition
(FSDR) (Liu et al., 2023), self-supervised methods 1D-BYOL (Peng
et al., 2022), MOCO (He et al., 2020), and unsupervised meta-learning
method pseudo-labeling framework based on a clustering-friendly fea-
ture embedding (PL-CFE) (Dong et al., 2022) are considered for com-
parative experiments with the present method, and the details of the
comparison methods are shown in Table 7.

3.3. Results and analysis

The diagnostic results using different methods on the two datasets
are reported in Table 8. For the supervised fault diagnosis model, the
number of state types is known. In Table 8, (N, K) means that each
time 𝑁 classes are sampled from the meta-dataset, there are K samples
in each category. In the training phase, the number of clusters C on the
CWRU dataset is set to 100 and the number of clusters C on the rotor
dataset is set to 250. The temperature 𝜅 is 0.1 for the CWRU dataset
and 0.2 for the rotor dataset.

As shown in Table 8, for diagnosis of unseen faults under CWRU
dataset, ACML can obtain an average accuracy of 91.66%, which is
around 1.46% higher than ProtoNet and about 0.06% lower than
7 
MAML. When only 5 examples were sampled, ACML achieves an av-
erage accuracy of 97.01%, which is about 1.54% higher than MAML
and ProtoNet. The Diagnostic results of each method under the rotor
dataset are shown in Table 8, ACML achieves similar performance to
supervised meta-learning. For the tasks of diagnosing unseen faults in
both datasets, ACML can obtain an average accuracy of 79.15%, which
achieves higher accuracy than the self-supervised learning methods
1D-BYOL, MOCO. 1D-BYOL and MOCO obtain the predicted labels by
obtaining the similarity between the support set and the query set,
but there is no processing for the label consistency. So, the diagnostic
performance of 1D-BYOL, MOCO is lower than that of ACML. It proves
the effectiveness of constructing meta-learning-based fault diagnosis
task on the basis of self-supervised learning. After pre-training with
contrastive Learning, an average accuracy of 79.25% on both datasets
was achieved by FSDR by calculating the distance between the la-
beled data and the prototype. Because of the effect of labeling, FSDR
exceeds the accuracy of the present method in the 1-shot tasks. The
present method can achieve similar results as the combined supervised
meta-learning and contrastive learning method FSDR. PL-CFE obtains
embedded features by contrast learning, k-means is run on them to
generate clusters for pseudo-labeling, and finally entropy is used to
construct clean few-shot tasks. An average accuracy of 77.19% is
achieved by this method on both datasets. In the 1-shot tasks, the
higher accuracy obtained by PL-CFE over ACML is due to the fact that
fewer samples indicate more confusing information about the faults,
and the introduction of entropy in PL-CFE removes samples that are
meaningless for updating the fault diagnosis performance. Whereas,
in the 5-shot tasks, the labeling consistency of the samples dominates
the diagnostic performance because of the increase in the number of
samples, allowing ACML to obtain a higher accuracy than PL-CFE.

In this paper, t-SNE (Anowar et al., 2021) is used to visualize the
task set in the meta-testing phase, as shown in Figs. 9 and 10. In the 5-K
meta-test, feature representations with the same label are clustered into
groups, and clear boundaries are revealed between each group, which
is particularly evident in the CWRU dataset. The distribution of source
and target domains is more inconsistent in the rotor dataset, but the
features of each state begin to separate during the unsupervised domain
adaptation. Therefore, in those comparison experiments, ACML outper-
forms other unsupervised approaches in few-shot situations and can
achieve classification accuracy comparable to supervised meta-learning
methods.

As shown in Fig. 11, the diagnostic performance of the two datasets
is demonstrated for different number of clusters. When the number
of clusters is less than the true category, the performance of the
model is poor. And when the number of clusters is equal to the real
categories, the accuracy of the model is less than the performance
when the number of clusters is greater than the real categories. This
is because a decrease in the number of clusters leads to a decrease in
category consistency in the feature representation. As the number of
clusters increases, the predictive accuracy of the model increases and
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Fig. 8. Vibration signals of rotor data sets at different speeds and different preloads.(a) Normal condition and Preload 50 N m, speed is 800 rpm; (b) Normal condition and
Preload 90 N m, speed is 800 rpm; (c) Normal condition and Preload 90 N m, speed is 1200 rpm; (d) Misalignment, speed is 1000 rpm; (e) Rub-impact, speed is 1000rpm; (d)
Rub-impact and misalignment, speed is 1000 rpm.
Table 7
Description of the comparison methods.

Method Type Feature generator Meta learner Main setting

MAML Supervised N/A MAML MAML framework is the same as base learner, refer to Table 3 for detailed
parameters.

ProtoNet Supervised Base learner ProtoNet The optimizer is Adam, with a learning rate of 0.001, the distances are
calculated between the classlevel prototypes and the embeddings of the query
points for classification.

1D-BYOL Self-supervised DRSN N/A The data augmentation method as well as the temperature coefficients are the
same as ACML; momentum is 0.995 and queue size is 16384; the optimizer is
SGD, the learning rate is 0.01, and the predicted labels are obtained by
calculating the similarity between the support set and the query set (Jang et al.,
2023).

MOCO Self-supervised DRSN N/A The data augmentation method is same as ACML, the optimizer is SGD, the
learning rate is 0.01; momentum is 0.999 and queue size is 16384; the predicted
labels are obtained by calculating the similarity between the support set and the
query set (Jang et al., 2023).

FSDR Supervised 1D-BYOL DRSN The relevant parameters are consistent with 1D-BYOL; the DRSN is pre-trained
using the comparative learning method 1D-BYOL; the parameters of the DRSN
obtained through pre-training will initialize the meta-learner in the meta-learning
phase; the diagnostic results are obtained by calculating the distance between the
query set and the prototype.

PL-CFE Self-supervised Contrastive learning iMAML The data augmentation method as well as the temperature coefficients are the
same as ACML; randomly select N clusters as base clusters and select candidate
clusters using K nearest neighbors; the clusters with the highest entropy are
selected using the evaluation model to filter out the noisy samples.
Fig. 9. The visualization of ACML for CWRU dataset in different tasks. (a) 5-way 1-shot task, (b) 5-way 5-shot task, (c) 10-way 1-shot task, (d) 10-way 5-shot task.
then decreases. This decrease is attributed to the problem of limited
diversity in feature representations as the number of clusters increases.
Therefore, the number of clusters was chosen to be 100 for the CWRU
dataset and 250 for the rotor dataset.

The feature representations after contrastive learning were visual-
ized as shown in Fig. 12, where the first 10 categories in the CWRU
dataset were selected for visualization, while the first 19 categories in
the rotor dataset were selected for visualization. The results show that
samples with similar features are aggregated together in the absence of
8 
labels, providing a basis for obtaining more accurate pseudo-labels in
downstream tasks.

A comparative analysis was conducted by applying data augmen-
tation to clusters with inconsistent sample sizes. Table 9 presents
the performance comparison between unbalanced and balanced task
settings. The results demonstrate that models trained on unbalanced
data outperform those trained on balanced clusters in terms of general-
ization ability, owing to the preservation of higher task diversity. Data
augmentation shows a limited impact on model performance, and this
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Fig. 10. The visualization of ACML for rotor dataset in different tasks. (a) 5-way 1-shot task, (b) 5-way 5-shot task, (c) 10-way 1-shot task, (d) 10-way 5-shot task.
Fig. 11. Comparison of model performance with different number of clusters. (a) CWRU dataset, (b) rotor dataset.
Fig. 12. Visualization of feature representation after contrastive learning. (a) CWRU dataset, (b) Rotor dataset.
Table 8
Diagnostic results using different methods for the two datasets.

Tasks CWRU dataset Rotor dataset

(5,1) (5,5) (10,1) (10,5) (5,1) (5,5) (10,1) (10,5)

1D-BYOL 87.07 95.88 85.30 90.92 66.56 69.13 56.56 68.20
MOCO 86.74 95.46 84.15 89.91 64.25 68.50 56.67 66.75
FSDR 91.34 96.72 85.97 96.03 64.80 71.96 59.61 67.53
PL-CFE 87.45 92.19 86.78 91.30 67.51 70.36 57.00 64.89
ACML 87.03 97.57 85.62 96.44 66.85 72.33 56.74 70.58

MAML 89.41 96.73 86.07 94.68 65.56 71.85 60.42 70.05
ProtoNet 87.36 97.44 82.98 93.02 68.94 73.24 58.57 71.42

balancing method increases intra-class inconsistency with an average
diagnostic accuracy of 77.71%. Therefore, the diversity of clusters
9 
Table 9
Cluster balancing with data augmentation for performance comparison with ACML.

Tasks CWRU dataset Rotor dataset

(5,1) (5,5) (10,1) (10,5) (5,1) (5,5) (10,1) (10,5)

Data augmentation 86.32 95.86 84.69 95.01 64.93 70.84 55.42 68.61
ACML 87.03 97.57 85.62 96.44 66.85 72.33 56.74 70.58

is relatively more important in this method than the balance of the
number of samples in the cluster.

3.4. Discussion

The temperature 𝜅 determines how much the contrastive loss fo-
cuses on the difficult negative samples. After the pre-training phase,
all convolutional layers are frozen, and iMAML is added to find the
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Fig. 13. Comparison of model performance at different temperatures.

ideal temperature 𝜅 so that the downstream model obtains better
performance. Fig. 13 shows the classification performance for the two
datasets, respectively, with the model reaching its best performance
when 𝜅 is 0.1 or 0.2. The model tends to produce more uniform
embedding distributions at low temperatures, focusing on challenging
negative samples that are closely related to the sample. Large values of
emperature tend to be more tolerant of samples with consistent states,
hereas they may produce embeddings with insufficient uniformity.
herefore, for the analysis of the CWRU dataset, 𝜅 was chosen to be
.1, and for the analysis of the rotor dataset, 𝜅 was chosen to be 0.2.

The impact of two parameters (number of partitions, number of
clusters) on ACML performance is discussed, as shown in Fig. 14. The
lustering generator is iterated P times to obtain P partitions, and C

groups are drawn in each partition uniformly without replacement to
construct the meta-task. When the number of clusters is the same as the
number of real categories, the results are much less accurate than when
the number of clusters is greater than the number of real categories.
Since K-means clustering is unconstrained, when the number of clusters
is small, the chances of each cluster containing multiple different true
labels are high, leading to a greater rate of pseudo-labeling errors for
the samples. Conversely, more clusters indicate that samples in certain
clusters may have the same true label. Although samples with the
same true labels are classified into different pseudo-classes and assigned
ifferent pseudo-labels, this incorrect pseudo-labeling, during training,
oes not have a significant impact on the model performance. This is

because the chance that the samples fed into the inner and outer loops
have the same true label increases during the meta-learning process.
However, as the number of clusters rises, the prediction accuracy of
the model becomes lower and lower, this is because more clusters will
make the feature representation to have a finite diversity problem,
and fewer clusters will make the feature representation the lower the
category consistency, so the appropriate parameter C is chosen for
the different datasets. The prediction accuracy of the model slightly
fluctuates as the number of partitions rises.

Ablation experiments were introduced to verify the effect of dif-
erent modules on the performance of ACML, as shown in Table 10.

Relative to ACML, ACML- does not split the samples during the meta-
earning process; Stacked Auto-encoder(SAE) (Yang et al., 2021)-ACML
tilizes SAE to replace the feature extractor, after which K-means

is utilized to add pseudo-labels to the original samples; and ACML
(MAML) utilizes MAML to replace the iMAML proposed in this paper.
The hyperparameters of the above methods are consistent with ACML.
Under different experimental conditions, Fig. 15 intuitively shows the
data distribution of different methods in prediction accuracy. In two
 m
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Table 10
Diagnostic results of ablation experiments in two datasets.

Tasks CWRU dataset Rotor dataset

(5,1) (5,5) (10,1) (10,5) (5,1) (5,5) (10,1) (10,5)

ACML- 85.15 94.96 83.65 93.81 63.75 68.25 48.40 65.24
ACML(MAML) 83.39 90.27 79.38 89.09 60.00 67.38 49.51 62.94
SAE-ACML 76.75 81.63 72.38 79.75 55.73 60.54 42.25 48.71
ACML 87.03 97.57 85.62 96.44 66.85 72.33 56.74 70.58

different datasets, ACML has higher accuracy than other unsupervised
ault diagnosis methods and it has a more concentrated data dis-
ribution. Comparing SAE-ACML, it can be shown that the addition

of contrastive learning increases ACML by roughly 14.43%, making
he generated pseudo-labels more consistent with the actual state.
ncreasing the gradient agreement of the task causes ACML to rise by
round 6.41% when compared to ACML(MAML). It was discovered
hat maintaining category consistency of the data input to the inner
nd outer loops resulted in an ACML growth of around 3.71% when
ompared to ACML-.

There are three modules to improve the performance of ACML: (1)
 more robust feature representation is generated using contrastive
earning, allowing the model to guarantee a high level of category dif-

ferentiation when adding pseudo-labels for samples; (2) the input inner
nd outer loop data are guaranteed to have the same true category; (3)
 new update mechanism ensures gradient agreement for tasks.

The sample number of each cluster obtained based on the con-
trastive learning is shown in Fig. 16. After the feature extractor, the
number of samples in each pseudo-category is not the same, and in the
terative process of each epoch, 𝑁 categories are randomly selected for

training. Due to the different number of samples in each category, the
robability of randomly sampling the same samples in different batches
uring the process of randomly selecting K samples from 𝑁 categories
o construct the task is large, which leads to the lack of diversity in
he obtained task. In this paper, the above problem is alleviated by
plitting the samples. Due to the large differences between different
ypes of faults in the CWRU dataset, the number of samples in different
seudo-classes is similar and the tasks obtained are relatively balanced,
o that a good accuracy can be obtained. For the rotor dataset with
arge noise, the number of samples in the smallest cluster obtained by
CML’s clustering generator is only 21, while the number of samples in

he largest cluster is 342. The diagnostic performance obtained in this
ataset is poor because the clusters are unconstrained and therefore the
enerated tasks are unbalanced.

The degree of agreement between different batches of tasks is
defined as the average angle between the gradient vectors (Zhao et al.,
2023b) and Fig. 17 shows the degree of task divergence in layers 1
and 4 of base learner during the meta-updating process. The conflicts
etween tasks are greatly reduced by the gradient update mechanism

proposed in this paper. For MAML, task divergence did not weaken
with epoch iteration. On the contrary, the degree of task divergence
s reduced by iMAML already at the first layer of convolution. Gradient
isagreement between tasks is weaker when the convolution layers are

deeper.
An ablation study of the learning rates in the inner and outer loops

was performed, and the diagnostic results for both datasets in the
10way-5shot task are shown in Fig. 18. The model performs optimally
at 𝛼 = 0.001 and 𝛽 = 0.05. The overall performance of the model
increases with the learning rate 𝛽 increases. Learning rate 𝛽 has a
greater effect on the model in the inner loop, relative to 𝛼.

4. Conclusion

In this paper, a novel meta-learning fault diagnosis framework,
CML is proposed, which merges contrastive learning and clustering
ethods into meta-learning for judging the potential information of
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Fig. 14. The impact of two parameters on ACML performance. (a) Impact of parameters partition and cluster on fault diagnosis performance of CWRU dataset, (b) Impact of
parameters partition and cluster on fault diagnosis performance of rotor dataset.

Fig. 15. Accuracy distribution for different methods under two datasets. (a) Accuracy distribution in 5-way scenarios under two datasets, (b) Accuracy distribution in 10-way
scenarios under two datasets.

Fig. 16. Number of samples per cluster based on the cluster generator. (a) Number of samples per cluster in the CWRU dataset, (b) Number of samples per cluster in the rotor
dataset.
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Fig. 17. Experimental results on the degree of divergence in different datasets. (a) Degree of task disagreement based on MAML in the CWRU dataset, (b) Degree of task
disagreement based on MAML in the rotor dataset, (c) Degree of task disagreement based on meta-learner in the CWRU dataset, (d) Degree of task disagreement based on
meta-learner in the rotor dataset.
Fig. 18. Ablation study of hyperparameters 𝛼 and 𝛽. (a) CWRU dataset, (b) Rotor dataset.
unlabeled datasets. The method is divided into three modules for fault
diagnosis: feature generator, cluster generator and meta-learner. In
the absence of any supervised information, high abstraction features
are collected to enable better embedding of the data in the cluster
generator, which ensures the classification accuracy of the model at
the source. During the meta-learning process, category consistency is
achieved by splitting the raw dataset in the task. It is argued that forc-
ing the gradients to be averaged in MAML leads to conflicts between
tasks, so a gradient update mechanism is proposed that strengthens
the gradient agreement of MAML by adding weights to the tasks in
the embedding parameter-independent task encoder. The performance
of the present method is validated with two different datasets. The
experimental results show that ACML can effectively transfer the prior
knowledge obtained by the meta-learner to the new task and achieve
high classification accuracy in the few-shot problem. ACML automati-
cally generates suitable unsupervised task distributions, allowing it to
outperform some supervised methods.

As industry moves towards smart manufacturing, it becomes in-
creasingly important to realize real-time unsupervised fault diagnosis.
Future work can further focus on enhanced feature representation
12 
techniques, real-time fault diagnosis, domain adaptation and scaling
of large-scale datasets. Enhancing the performance of fault diagnosis
frameworks with limited labeled data by combining meta-learning with
more advanced contrastive learning techniques is a key direction. In
addition, the development of algorithms that can efficiently handle
real-time data streams will make unsupervised diagnosis systems more
practical. In cross-domain applications, combining transfer learning
and domain adaptive techniques can improve the generalization ability
of the model. And with the popularity of IIOT, research on how to
integrate ACML with IIOT for distributed monitoring and diagnosis
will bring more application opportunities for smart manufacturing and
predictive maintenance.
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