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Abstract

Accurate prediction of multiaxial fatigue life was crucial for structural integrity
assessment, yet the variability in material responses under complex loading paths
made it challenging for both classical and data-driven models to achieve high
accuracy. To address this issue, a contrastive learning-based framework was proposed
in this study, enabling the construction of more generalized low-dimensional feature
representations across different loading paths. This framework enhanced the robustness
of fatigue life prediction without relying on mechanical assumptions. Experimental
validation demonstrated that, compared to existing methods, the contrastive learning
model learned more suitable feature encodings, significantly improving prediction
performance. This framework provided a reference solution for engineering applications
requiring reliability assessment under multiaxial stress conditions.

Keywords: Contrastive learning; Deep learning; Feature engineering; Life prediction;
Multiaxial fatigue

1. Introduction

In modern high-tech industries such as electronic packaging, aerospace, and nuclear
power generation, the role of multiaxial fatigue analysis has become increasingly
critical."” Electronic packaging materials are subjected to complex thermal and
mechanical loads, which can precipitate premature material and structural failures,
thereby severely damaging structural integrity.>” Consequently, comprehensive research
into multiaxial fatigue is essential for enhancing the reliability and service life of
electronic devices at the design and serving stages. In addition, precise assessments of
fatigue behavior under complex stress environments are crucial for ensuring the safe
operation of aerospace vehicles, nuclear power stations, and other fields.*'° Such studies
not only facilitate a better understanding of material responses under multiaxial stresses
but also advance the design of materials and the evaluation of structural integrity, pivotal
for the development of safer and more efficient technological solutions.
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Currently, with the development of advanced intelligent
algorithms, data-driven methods have been widely
developed and applied in the field of material fatigue life
prediction."'® From classical shallow machine learning
algorithms to deep learning models based on neural
networks, these methods have demonstrated excellent
performance in various fatigue-related problems."* Jiang
et al® proposed a physics-informed multilayer nested
neural network framework, using stacking fault energy,
strain amplitude, strain rate, and temperature as input
features. Physical constraints were embedded in the loss
function to ensure the model adhered to known physical
laws. The performance of the model was validated on
fatigue data of 316 stainless steel. Zhu et al.** developed
a deep learning model called Multi-GAT (Multi-Graph
Attention Network) for predicting the high-cycle fatigue
(HCF) life of titanium alloys. This model is integrated
with an attention mechanism and uses a graph structure
as the data structure, allowing the full consideration of
relationships between samples. This approach enables
the accurate prediction of HCF life for various titanium
alloys using a limited number of sample data. Liao et al.”’
proposed a path-dependent adaptive physics-informed
neural network to address the non-proportionality caused
by phase differences. The model embedded multiple
critical plane models into the loss function and achieved
optimization through dynamic weight adjustment. Genetic
algorithms and a meta-learning framework were used to
optimize the weight hyperparameters. The meta-learning
framework enabled the weights of different physical terms
in the loss function to dynamically adapt based on the load
path information. The explored meta-learning framework,
applied through transfer learning to predict the fatigue
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life of 316L and 304 stainless steels, demonstrated strong
generalization capabilities. Chen et al®*® proposed a
multiview neural network model incorporating frequency
domain analysis. This model integrates convolutional
neural networks (CNN), long short-term memory
networks, and FNet with frequency domain analysis in
a parallel structure, extracting effective features from
the material loading path to predict fatigue life. Through
ablation experiments, the extrapolation capability of the
model was verified using specific test datasets. Zhang et al.”
used a SHapley Additive exPlanations-informed recursive
feature elimination method to identify key features in a
multiaxial fatigue experiment dataset. Symbolic regression
was employed to extract and encapsulate expressions
predicting fatigue life based on these salient features, which
were then integrated into the traditional mean squared
error (MSE). This significantly improved the predictive
accuracy of the model on the existing database.

In fatigue life prediction, constructing appropriate input
features is crucial for improving the model’s predictive
performance.*** Simply using raw experimental features
as inputs may not lead to optimal results. To achieve
effective feature engineering, researchers have drawn
on various traditional empirical models, such as critical
plane models,*** damage mechanics models,*** and
fracture mechanics models.”** These empirical insights
help in selecting and designing more relevant features,
which significantly enhance the model’s ability to predict
fatigue life accurately. Figure 1 provides an intuitive
comparison between traditional physics-based models and
data-driven approaches. In traditional methods, domain
experts manually extract key features using physics-
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Figure 1. A comparison of fatigue life prediction frameworks: physics-based model versus deep learning model
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based, whereas deep learning methods can automatically
learn high-dimensional abstract representations from
raw experimental data, capturing complex nonlinear
relationships within the data. This comparison highlights
the strengths and limitations of both approaches and
underscores the importance of selecting appropriate input
features for accurate fatigue life prediction. Wang et al.*
proposed two physics-guided machinelearning frameworks
based on the Paris law and machine learning models. The
first framework transforms the original features into new
features using the Paris law, which are then combined with
the original features and input into the machine learning
model to predict fatigue life. The second framework
integrates the Paris law and machine learning models
using the Kalman filter, leveraging the advantages of both
approaches and integrating information from different
models. This enables the fusion of physical information
and machine learning, allowing the model to account for
factors ignored by physics-based models while ensuring
consistency with physical results. Dong et al.*! unified the
influence of different defects through equivalent damage
area representation using the M-integral fatigue model. By
taking cyclic loading and equivalent damage area as inputs
and fatigue life as output, the approach effectively improved
the generalization ability and prediction accuracy of
incomplete fatigue data. Fan et al*? expanded the original
dataset using the Z-parameter model by restricting key
parameters such as the size of critical defects, the relative
depth of critical micro-defects, and stress levels within
certain ranges. These extended datasets were then used to
build machine learning models for ultra-high-cycle fatigue
life prediction. With an appropriate increase in the size
of the training set, the model demonstrated significantly
improved accuracy and exhibited higher accuracy and
stronger generalization compared to physical models.
Gan et al.”® used the Ye-Wang damage theory to derive
theoretical estimates of material behavior, constructing
additional features closely related to the desired outputs.
This approach integrated original data information with
domain knowledge. In addition, output standards were
set to provide information for the data-driven process of
model training and prediction, highlighting its potential
in addressing small-sample problems. Wang et al. *
characterized the fatigue life of additive manufacturing
(AM) parts under different stress amplitudes using
predictions from continuous damage mechanics associated
with AM. These predictions, along with initial features
such as experimental conditions, mechanical properties,
porosity analysis, and surface morphology, were used as
inputs. By learning the dependence on physical principles,
the model can better map the nonlinear relationships
between inputs and outputs.

The essence of feature engineering lies in the
extraction and dimensionality reduction of complex,
high-dimensional features, which brings samples closer
together in high-dimensional space. Traditional models,
based on physical laws and phenomenon analysis, focus
on extracting and analyzing key values. However, many
of these models are empirical, summarizing patterns
that may not truly reflect the relationships between data
samples, and they may not have clear physical models to
describe the underlying dynamics. From the perspective of
data relationships, dimensionality reduction or clustering
techniques, such as K-means,* variational autoencoder,*
and contrastive learning,”° can also be employed with
effective results. Among these, contrastive learning
stands out by maximizing the consistency between
similar samples and the disparity between different ones,
enabling the learning of more robust and generalized
feature representations. This approach does not require
prior knowledge of label information, which reduces
model usage costs. Furthermore, its adversarial sample
pair learning strategy enhances the model’s generalization
ability. By optimizing the relative distances between
samples, contrastive learning provides a powerful learning
mechanism for complex datasets.” This is especially
beneficial in unsupervised and self-supervised learning
scenarios, where it outperforms traditional algorithms.
These advantages have led to contrastive learning
demonstrating outstanding application performance in
a variety of fields, such as visual recognition,**** natural
language processing,”** and sound analysis.>>*

This paper addresses the issue of multiaxial fatigue life
prediction in materials by applying contrastive learning
to effectively extract sample features across different
multiaxial loading paths. The paper compares the feature
representation performance of different model frameworks
and tests various downstream task models. Compared to
other clustering or dimensionality reduction algorithms,
contrastive learning consistently achieves good prediction
results, providing a new feature engineering strategy for
multiaxial fatigue life prediction.

2.Data
2.1. Experimental data

In this study, 20 multiaxial fatigue experimental data of
316L stainless steel were used for training and validation
of the contrastive learning model and downstream fatigue
life prediction model. The experimental details can be
found in the referenced published literature.'®'” As shown
in Figure 2, the experimental data included four typical
uniaxial and multiaxial loading paths, each with five
different amplitudes, with a stress ratio of R = —1. Table 1
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Figure 2. The diagram of multiaxial loading paths: (A) uniaxial, (B) cross, (C) rhombus, and (D) circular

Table 1. The detailed information of specimen for each
loading path type

Loading path & Pa Ny
Uniaxial 0.2 - 161000
0.4 - 11865
0.6 - 3339
0.8 - 1719
1.0 - 906
Cross 0.3 0.3 10023
0.35 0.35 5831
0.4 0.4 2038
0.5 0.5 1378
0.6 0.6 1311
Rhombus 0.3 0.3 7193
0.35 0.35 4041
0.4 0.4 3944
0.5 0.5 1031
0.6 0.6 795
Circular 0.3 0.3 5045
0.35 0.35 2963
0.4 0.4 1802
0.5 0.5 744
0.6 0.6 396

provides the amplitude and life information for each
experimental specimen.

2.2, Data augmentation

To ensure the effectiveness of contrastive learning, data
augmentation was also applied to enhance the training
samples. The generative adversarial network (GAN)-based
augmentation method used was derived from our previous
research.'® By integrating CNN with the Fourier transform,
the proposed model achieves synergistic augmentation
of stress-strain hysteresis loops and fatigue life prediction.
Based on the data augmentation capability of this model,
the 20 experimental samples were expanded to over
1000 samples for each loading path. For each multiaxial

loading path, the strain amplitude of the augmented samples
was distributed between the maximum and minimum
values of the experimental data. Based on these augmented
samples, 100 samples were uniformly selected for each
loading path. A total of 400 augmented samples were
selected for the training of the contrast learning model. Data
augmentation effectively increases the training sample size
and improves the performance of the contrastive learning
model. In addition, only stress-strain hysteresis loops
are required, without the need for fatigue life data, which
reduces the difficulty of using augmented samples. In the
subsequent downstream fatigue life prediction task, there
are only the original 20 experimental datasets used for the
training. In addition, in future work, constitutive material
models or finite element simulations can also be employed
as alternative methods for data augmentation.

2.3. Preprocessing

According to the previous introduction, the stress-strain
hysteresis loop will serve as input features for the training
of following contrastive learning and machine learning
model. The output feature of the downstream supervised
model is the logarithmic fatigue life. It can avoid the effect
of its large magnitude range. Furthermore, all input and
output features are normalized using the z-score method
to ensure that the model captures the relative relationships
between features rather than being influenced by their
absolute values. The z-score normalization is described as
Equation I:

X—

o

X

X= o)

Where X represents the normalized data, x represents
the raw data, p_is the mean of the raw data, and o,
represents the standard deviation of the entire sample
space.

3. Algorithm
3.1. Contrastive learning architecture

Contrastive learning is a self-supervised learning strategy
that enables the model to learn to distinguish between
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similar and dissimilar samples to extract features, without
relying on manually labeled data®® In the contrastive
learning framework, a pair of samples (positive and
negative pairs) is typically constructed, where positive
pairs consist of similar or related samples and negative
pairs consist of dissimilar samples. The model’s objective
is to minimize the distance between positive pairs and
maximize the distance between negative pairs. Thislearning
approach effectively utilizes unlabeled data and enhances
the model’s generalization ability on real-world data.
Contrastive learning has been widely applied to various
tasks, such as image recognition,”® natural language
processing,**? and audio analysis,**** demonstrating
outstanding performance. Especially in the field of image
processing, contrastive learning learns powerful visual
feature representations by leveraging samples generated
from different perspectives, sizes, or other transformations
of images.

Among all contrastive learning models, SimCLR®
learns representations by applying contrastive loss in
the feature space to maximize the consistency between
different augmented samples of the same data sample. The
model framework, as shown in Figure 3, consists of four
components: the data augmentation module, where each
sample is randomly augmented to generate two related
samples x,and x, which are then passed through an encoder
to extract high-dimensional features. After passing through
a projection layer, the features are mapped to a lower-
dimensional space, where the contrastive loss between the
samples is computed to achieve maximum consistency.

In this work, contrastive learning was applied to
the multiaxial fatigue life prediction of materials, using
stress-strain hysteresis data as the input. Considering
that contrastive learning can reduce the distance between
similar samples in the feature space, this framework
aims to extract general, discriminative features that are
shared by samples with the same amplitude but different
loading paths. These features were then used to construct
a downstream fatigue life prediction model. The core idea
of contrastive learning was implemented by constructing
positive and negative sample pairs. The construction of
these pairs was done by the data augmentation module,
which randomly selected a small batch of data containing
N samples. Negative samples were not specifically sampled,
and after data augmentation, 2N data samples were
generated. In this case, for each positive sample pair, there
were 2(N—-1) corresponding negative pairs. In this study,
data augmentation involved adding Gaussian noise and
applying time masking. Each sample was augmented with
Gaussian noise, and with a 50% probability, time masking
was applied, which randomly masked a certain number of
time steps in the stress-strain data. After feature extraction
through the encoder and projection layer, the distance
between the features of positive and negative samples was
computed. The loss function was minimized to learn a
good feature space representation. Since SimCLR does not
impose specific constraints on the network architecture, its
performance improves after adding a projection layer. The
model framework used in this study is shown in Figure 4,
which adopts a synchronized symmetric architecture.

! g()
. f0) .
T] : :
by Z.
! | ' Maximize
: | agreement
T fOT g0
X | —> T—>
a 5
Y
Downstream

tasks

Figure 3. Schematic diagram of contrastive learning algorithm
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Figure 4. The framework of the proposed contrastive learning model

The core of contrastive learning is to optimize the model
through a set of loss functions, enabling it to distinguish
between similar and dissimilar samples. Below are some
key formulas commonly used in contrastive learning.
Among them, Equations II and IV are the formulas for
the first sample generated by data augmentation, passed
through the encoder and projection layer, respectively.
Equation III and V are the formulas for the second
sample x, generated by data augmentation, after being
processed by the encoder and projection layer. Equation
V1 is the formula for the calculation of the loss function.
The Normalized Temperature-scaled Cross Entropy
(NT-Xent) loss function enhances sample utilization
and feature extraction quality during the learning
process by effectively leveraging the relative information
between samples. As a result, it has been widely applied
in self-supervised learning tasks across various domains,
including image processing,” text processing,” and
more.T.

h = £(1,(X);:0) =ReLUW, f£,(T,(X); ©,+b{) ()

h=f(T,(X ) = ReLU(W, f, (T, (X); ©,+b/) (1)
z,=g(h) =W o(Wh +b)+b, (V)
z,=g(h) = cf(Wlhj +b)+b, (V)

| exp(smi(zi,zj)/r) D)

g 2N K
Zk:ll[k # 1]exp(smi(z, Z; )/ 1)

where © = {©,, ©_} represents the set of all learnable
parameters of the encoder layers; W/, W¢and ¥/, b8 represent
the weight matrices and biases of the encoder and
projection layers, respectively; 1[k#1] is an indicator
function, which takes the value 1 when k#i; and T represents
the temperature parameter.

3.2. Downstream life prediction model

After contrastive learning, deep feature representations
can be extracted from the material stress-strain hysteresis
loop, and the similarity between samples from different
loading paths can be enhanced. This greatly benefits
subsequent multiaxial fatigue life prediction tasks. As
shown in Figure 5, after obtaining these features, this study
uses them as input for various supervised learning models,
such as linear regression, support vector machines (SVM),
eXtreme Gradient Boosting (XGBoost), or Artificial Neural
Network (ANN), for fatigue life prediction. This approach
not only improves the predictive accuracy of the model but
also enhances its generalization ability when confronted
with unseen complex loading conditions.

3.3. Evaluation criteria

In this study, the root MSE (RMSE) was used to describe
the deviation between the predicted logarithmic fatigue
life values and the experimental logarithmic fatigue life, as
shown in Equation VII:

RMSE = (VID)

1
;;(yi,pre _yi,exp )2

where Y ;e TEPTESENLS the model-predicted logarithmic
fatigue life “Value and Yiex, TEPTEsents the experimental
logarithmic fatigue life value. In addition, the model’s
prediction performance was also evaluated from other
aspects, including the distribution of the predicted fatigue
life values and the experimental values.

4. Results and discussion

In this section, the proposed contrastive learning
framework was evaluated by comparing different network
architectures to explore models with feature representation
capabilities. It also compares these models with other
unsupervised learning clustering models in terms of
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their ability to represent features effectively. Finally, based
on the learned feature representations, a performance
comparison is conducted for downstream life prediction
tasks, examining the predictive effectiveness across various
machine learning models.

4.1. Performance with different encoder network
architectures

In this section, the experiment first determined two
hyperparameters of the proposed contrastive learning
framework: the number of layers in the encoder and
the output feature dimension. The framework of the
contrastive learning model is shown in Figure 6, where the
encoder was set to two layers, and the output dimension
was uniformly set to 128, which preliminarily validates
the model’s effectiveness. From a time-series perspective,
the stress-strain hysteresis data recorded the change
of stress and strain over time during one complete

Feature representation

X;

SO

h;

i

cycle. Therefore, to further determine which encoder
structure was more suitable for the original data, four
structures—One-Dimensional ~ Convolutional =~ Neural
Network (1D-CNN), Two-Dimensional Convolutional
Neural Network (2D-CNN), Gated Recurrent Unit (GRU),
and ANN—were used. The high-dimensional features
extracted by the encoder were passed through two fully
connected layers and uniformly reduced to 64 dimensions,
and training was conducted on the stress-strain hysteresis
data. Table 2 provides the detailed hyperparameters of
the contrastive learning models with different network
frameworks.

In this study, to ensure the effectiveness of model
training, the original dataset (with 20 samples in total) was
randomly split into training and testing sets at a 6:4 ratio.
Although the original samples had an equal number of
samples for each type, random sampling without stratified
control led to some distribution bias between different
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Figure 5. The utilization of deep features provided by contrastive learning model for downstream fatigue life prediction
Abbreviations: ANN: Artificial neural network; SVM: Support vector machine; XGBoost: eXtreme gradient boosting.
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Figure 6. Hyperparameters and schematic diagrams of contrastive learning model with different network architectures

Abbreviation: ANN: Artificial neural network.
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types of data in the training and testing sets, simulating the
uneven distribution of data in real-world conditions. To
further mitigate the impact of this distribution imbalance,
additional sample data generated by a GAN model was
included in the training set to augment the samples and
improve the model’s generalization ability. Each sample
underwent two different data augmentation methods.
The training loss of each contrastive learning model
framework is shown in Figure 7. After 150 epochs, all
models converged well, validating the effectiveness of the
proposed framework.

Table 2. The detailed hyperparameters of contrastive
learning models with different network architectures

Encoder Projector Hyperparameters
Configuration Stride Padding 7
1D-CNN ANN Convolutional 1 1 0.3
Layers: 2,
Kernel Size: (3,3),
Filters: 64, 128
2D-CNN Convolutional 1 1
Layers: 2, Kernel
Size: (3, 3),
Filters: 64, 128
GRU GRU Units: 128 \ \
Number of layers:
2
ANN Neurons: 256, 128 \ \

Abbreviations: 1D-CNN: One-Dimensional Convolutional Neural
Network; 2D-CNN: Two-Dimensional Convolutional Neural Network;
ANN: Artificial Neural Network; GRU: Gated Recurrent Unit.

4.5
—— 1D-CNN
——2D-CNN
40F—CRU
——ANN
35
[%)]
[2]
(@)
-
3.0
25t
2.0 : : -
0 50 100 150 200
Epoch

Figure 7. The training process of contrastive learning model between
different architecture models

Abbreviations: 1D-CNN: One-dimensional convolutional neural
network; 2D-CNN: Two-dimensional convolutional neural network;
ANN: Artificial neural network; GRU: Gated recurrent unit.

To investigate whether the model successfully learned
the distribution of data features during training, a visual
analysis of the input and output features before and after
training was performed. Specifically, in the visualization
process, original data was used as the visualization samples,
excluding the augmented samples generated by GAN. The
t-distributed stochastic neighbor embedding (t-SNE)®
method was employed for dimensionality reduction
and visualization of the features, with the pre- and post-
training visualization results shown in Figures 8 and 9. In
these figures, data points with the same color represented
features of samples with the same amplitude but different
loading paths, while different colors corresponded to
samples with different amplitudes. The visualization
results indicated that in the original data, samples from the
same loading path were clustered together in the feature
space. However, for features generated by each encoder
from the initial samples, the distribution of features for
the same amplitude data was quite disordered, and no
obvious clustering or separation of samples was observed
in the reduced-dimensional space. It was worth noting
that, although there was no clear separation of feature
types in the visualization space, the learned features still
showed significant application effects in downstream tasks.
This may have been because t-SNE’s low-dimensional
visualization lost important information from the high-
dimensional space, and the visualization results can
not accurately reflect the intrinsic structure of the high-
dimensional feature space.

4.2.The effectiveness of downstream fatigue life
prediction

To further find the optimal downstream regression model,
the linear regression model was considered, as it is simple,
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Figure 8. Visualization results of the original data
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Figure 9. Visualization results of the feature representations obtained through contrastive learning with different encoder architectures: (A) 1D-CNN,

(B) 2D-CNN, (C) GRU, and (D) ANN.

Abbreviations: 1D-CNN: One-dimensional convolutional neural network; 2D-CNN: Two-dimensional convolutional neural network; ANN: Artificial

neural network; GRU: Gated recurrent unit.

efficient to train, and suitable as a baseline model to provide
a reference for more complex models. In addition, since the
downstream training set only contained a small amount
of data randomly split 60:40 from the original dataset,
and given the robust performance of SVM and XGBoost
in small sample scenarios, as well as their capability in
handling nonlinear problems, three models—linear
regression, SVM, and XGBoost—were chosen for training.
As a widely used machine learning model, the ANN model
was also selected as one of the models for downstream
tasks. The features learned by contrastive learning from
different network architectures were used as input for the
downstream models, and the models were trained. The
RMSE of the experimental results on the test set is shown in
Figure 10. In the figure, the x-axis represents the contrastive
learning models with different network architectures, and
each bar color represents a different downstream model.
The y-axis represents the RMSE value, with lower RMSE
indicating better prediction performance. The results showed
that, for all contrastive learning models regardless of the
framework, the extracted features had relatively lower RMSE
values on the linear regression model in the downstream task.
For all downstream linear regression models, whether using

1D-CNN or 2D-CNN frameworks in the contrastive learning
model, the extracted features achieved lower RMSE values.
In particular, the contrastive learning model with 1D-CNN
as the encoder achieved the lowest RMSE value on the
downstream task. This suggests that the features extracted by
1D-CNN are sufficiently simple, have high linear separability,
and can be effectively utilized by linear models.

In addition, the predicted fatigue life on the test set and
the experimental fatigue life are shown in Figure 11. It can
be observed that the best performance was achieved when
1D-CNN was used as the encoder. In contrast to 1D-CNN,
the contrastive learning model with 2D-CNN as the encoder
had one test point lying outside the 2-factor band of the
linear regression model. However, for the XGBoost model,
the features extracted by contrastive learning performed
the worst on the downstream model, with the RMSE
significantly higher than that of other models. This might
be because the XGBoost model was more suited to handle
high-dimensional complex features, and it was unable to
fully leverage the advantages of the features learned by
contrastive learning. In addition, during computation,
it might have introduced extra noise or information loss,
severely impacting fatigue life prediction performance.
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Figure 10. The RMSE performances of life prediction models.

Abbreviations:

1D-CNN: One-dimensional

convolutional

neural

network; 2D-CNN: Two-dimensional convolutional neural network;
ANN: Artificial neural network; GRU: Gated recurrent unit; Linear:
Linear regression; RMSE: Root mean squared error; SVM: Support vector
machine; XGBoost: eXtreme Gradient boosting.
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Based on these results, CNNID was selected as the
encoder for the contrastive learning framework, and
the linear regression layer was used as the downstream
regression model for fatigue life prediction. This
combination not only achieved the lowest RMSE value but
also provided acceptable prediction results on the test set,
tully validating the superiority of this combination.

To further validate the effectiveness of data
augmentation in contrastive learning on the training
results, the CNN1D-based contrastive learning encoder
was chosen, and the performance of the downstream
model was compared under two conditions: with and
without data augmentation. The training loss is shown in
Figure 12. It can be observed that with data augmentation,
the model achieved a sufficiently small loss after fewer
epochs and began to converge quickly. In contrast, the
model without data augmentation had a relatively large
initial loss and required more epochs to converge.
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Figure 11. The detailed predicted results of contrastive learning and downstream models: (A) 1D-CNN, (B) 2D-CNN, (C) GRU, and (D) ANN.
Abbreviations: 1D-CNN: One-dimensional convolutional neural network; 2D-CNN: Two-dimensional convolutional neural network; ANN: Artificial
neural network; GRU: Gated recurrent unit; Linear: Linear regression; SVM: Support vector machine; XGBoost: eXtreme gradient boosting.
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The predicted fatigue life on the test set and the
comparison with experimental results, as well as the RMSE,
are shown in Figures 13 and 14. From the figures, the results
indicated that while the model without data augmentation
had only two data points outside the 2-factor band, the
model with data augmentation produced better prediction
results and had a lower RMSE. Specifically, the RMSE for
the model with data augmentation was reduced by 16.35%
compared to the model without data augmentation.
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Figure 12. The evolution of loss function during training loss of
contrastive learning models with and without data augmentation
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Figure 13. The predicted results of 1D-CNN contrastive learning
encoder and linear regression downstream model with and without data
augmentation.

Abbreviations: 1D-CNN:  One-dimensional
network; Linear: Linear regression.

convolutional neural

In addition, to investigate the effectiveness of the
contrastive learning framework, this experiment
explored the scenario where no contrastive learning was
used, and the stress-strain data was directly input into the
downstream regression model, with data augmentation
applied. The data augmentation mainly involved using
GAN-generated data to expand the dataset, which,
especially when the sample size was small, can increase
the diversity and generalization ability of the data,
thereby enhancing the model’s predictive performance.
The choice of downstream model was consistent with
previous experiments, and the model’s performance was
compared using RMSE and prediction results, as shown
in Figure 15.

From the experimental results, it was be observed
that when contrastive learning was not used but data
augmentation was applied, the performance of the four
models was poor. The minimum RMSE value was close
to 0.7, and in the comparison of the model’s predictions
with experimental results, the best performance still had
four data points outside the 2-factor band. Whether in
terms of RMSE or the comparison between predicted and
experimental values, the model performance was worse
than that of the model using deep features extracted by the
contrastive learning framework. Especially for the linear
regression model, it showed the best performance when
contrastive learning was applied, while its performance
was the worst when contrastive learning was not used.
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045+t
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Figure 14. The RMSE performances of 1D-CNN contrastive learning
encoder and linear regression downstream model with and without data
augmentation.

Abbreviations: 1D-CNN: One-dimensional ~convolutional neural
network; Linear: Linear regression; RMSE: Root mean squared error.
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models. (B) The prediction results of the downstream model.

Abbreviations: ANN: Artificial neural network; Linear: Linear regression; RMSE: Root mean squared error; SVM: Support vector machine; XGBoost:

eXtreme gradient boosting.

This indicated that although data augmentation can
provide more training data, the augmented data might
only be generated based on surface-level features. The four
downstream models were unable to solely rely on augmented
data to understand the underlying structure and complex
patterns in the data. In contrast, the contrastive learning
model, by maximizing the similarity between similar samples
and maximizing the distance between dissimilar samples,
continuously optimized the representation space of the data.
The large amount of data provided by augmentation can
help the model learn in a broader sample space, enabling the
model to learn more universal and representative features.
Therefore, although pure data augmentation did not provide
sufficient structural information, the training strategy of
contrastive learning allowed the model to better uncover the
inherent relationships within the data, thereby improving
the performance of the downstream model.

To further verify the superiority of the combination of
contrastive learning framework and data augmentation,
the performance of the downstream regression model was
investigated in this experiment without the contrastive
learning framework and data augmentation. The input to
the downstream model did not undergo any form of data
augmentation, nor was it trained with features learned
through the contrastive learning framework. Instead,
the raw stress-strain data was used as input, and the
logarithmic fatigue life was used as the output. As a result,
the model’s performance was directly constrained by the
data volume and sample diversity. The model's RMSE and
prediction results were compared with the experimental
results, as shown in Figure 16.

From the figure, it was evident that the RMSE of the
models was above 0.5, and in the comparison between
predicted and experimental fatigue life, although Linear

Regression models only had one point outside the 2-factor
band, most of the data within the error margin was
distributed near its edges. This indicated that while the
models could, to some extent, capture some patterns in the
data through simple training methods, the performance
remained limited, and the internal relationships were not
fully exploited. In contrast, under the contrastive learning
framework, the linear regression model had the smallest
RMSE and its predicted values were well-distributed along
the diagonal, outperforming all other downstream models.

When compared with the second experiment, despite
the absence of the contrastive learning framework, the
model still relied on the limited information from the raw
data for training. The model depended on the data’s quality
and complexity to learn some effective features. This
proved that simply relying on data augmentation did not
necessarily contribute positively to model performance.
Although data augmentation could increase the training
sample size, the augmented data did not add meaningful
information. Without an effective training strategy, the
augmented data could introduce significant noise and
negatively affect the model’s performance, diminishing the
effectiveness of data augmentation.

Through these three experiments, the effects of data
augmentation, contrastive learning framework, and their
combination on downstream models were explored. The
experimental results not only showed the effects of each
factor individually but also demonstrated the synergistic
effect when they were combined. Ultimately, the
experiments confirmed the superiority of the combination
of contrastive learning framework and data augmentation.
While data augmentation could effectively increase the
sample size, it might introduce noise and did not necessarily
contribute positively to the model’s training process, and
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Abbreviations: ANN: Artificial neural network; Linear: Linear regression; RMSE: Root mean squared error; SVM: Support vector machine; XGBoost:

eXtreme gradient boosting.
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Figure 17. Schematic diagrams of classical unsupervised clustering learning algorithms
Abbreviations: ANN: Artificial neural network; PCA: Principal component analysis; PLS: Partial least squares; SVM: Support vector machine;

XGBoost: eXtreme gradient boosting.

might even interfere with the model’s training. In contrast,
the combination of data augmentation and the contrastive
learning frameworK’s training strategy maximized the
utilization of data samples, extracted deep features from
the stress-strain data, and applied them to the downstream
model training, achieving the best prediction results.

4.3. Comparison of the effectiveness between
different clustering methods

In this section, two unsupervised learning algorithms, partial
least squares (PLS) and principal component analysis (PCA),
were applied to perform dimensionality reduction on the
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Figure 18. Downstream prediction results of other unsupervised algorithms: (A) PCA, and (B) PLS
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vector machine; XGBoost: eXtreme gradient boosting.
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Figure 19. Comparison of downstream RMSE between other
unsupervised learning algorithms and contrastive learning
Abbreviations: 1D-CNN: One-dimensional convolutional neural network;
ANN: Artificial neural network; Linear: Linear regression; RMSE: Root
mean squared error; SVM: Support vector machine; XGBoost: eXtreme
gradient boosting.

original data. The reduced features were then fed into four
regression models for training. The overall process of the
unsupervised learning algorithms is illustrated in Figure 17.
Using these two methods, the original data was reduced to a
certain dimension, and the extracted features were directly
applied to the construction of regression models. ANN,
linear regression, SVM, and XGBoost were still used as the
regression models. The comparison between the predicted
results from the test set and the experimental values is shown
in Figure 18, and the RMSE is shown in Figure 19. From
the results, it can be seen that the features reduced by both
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Figure 20. Comparison with the optimal performance prediction results
of the contrastive learning framework

Abbreviations: 1D-CNN: One-dimensional convolutional neural
network; ANN: Artificial neural network; Linear: Linear regression;
PCA: Principal component analysis; PLS: Partial least squares.

PLS and PCA performed relatively well on linear models
and ANN, with two points falling outside the 2-factor band.
However, even the most optimal PCA and PLS frameworks
still did not outperform the performance of contrastive
learning, where the contrastive learning framework
remained the best, as shown in Figure 20. This indicated that,
compared to the features extracted by unsupervised learning
algorithms, the contrastive learning framework can improve
prediction performance to some extent.
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Table 3. The detailed number of each specimen and defects
for each type

Feature RMSE of the downstream prediction model
extraction Linear ANN SVM XGBoost
method

1D-CNN 0.2889 0.41946 0.76503 1.40253
2D-CNN 0.33526 0.54549 0.8378 1.11583
GRU 0.45183 0.42774 0.82675 1.30814
ANN 0.88021 0.85771 1.10393 1.3852
PLS 0.56382 0.54084 1.17852 1.55079
PCA 0.51162 0.36833 0.83287 1.55079

Note: The values in boldface represent the lowest RMSE among the
four downstream models under the same conditions.

Abbreviations: 1D-CNN: One-dimensional convolutional neural network;
2D-CNN: Two-dimensional convolutional neural network; ANN:
Artificial neural network; GRU: Gated recurrent unit; Linear: Linear
regression; PCA: Principal component analysis; PLS: Partial least squares;
RMSE: Root mean squared error; SVM: Support Vector Machines.

Table 4. RMSE results of ablation experiments on 1D-CNN
with contrastive learning

Ablation setting RMSE of the downstream prediction

model

Linear ANN SVM XGBoost
Without data augmentation  0.45243 - - -
Without contrastive learning ~ 1.63522 0.69097 1.12755 1.28143
Without data augmentation & 0.49226 0.78342 0.50171 1.09144
without contrastive learning
With data augmentation & 0.2889 0.41946 0.76503 1.40253

with contrastive learning

Note: The values in boldface represent the lowest RMSE among the
four downstream models under the same conditions.
Abbreviations: 1D-CNN: One-dimensional convolutional neural
network; ANN: Artificial neural network; Linear: Linear regression;
RMSE: Root mean squared error; SVM: Support vector machines;
XGBoost: eXtreme gradient boosting.

Table 3 summarizes the RMSE values of different feature
extraction methods across various downstream prediction
models. It was observed that the features extracted
by the contrastive learning framework with 1D-CNN
as the encoder achieved the best performance on the
downstream linear regression model. To further validate
the contributions of data augmentation and contrastive
learning, ablation experiments were conducted. Table 4
presents the results of removing data augmentation,
removing contrastive learning, and removing both,
illustrating their impact on model performance.

5. Conclusion

In this study, a multiaxial fatigue hysteresis feature
extraction method based on contrastive learning is

proposed. This method effectively extracts deep feature
representations from complex multiaxial fatigue stress-
strain responses, which are then utilized in downstream
fatigue life prediction tasks to enhance prediction accuracy.
The specific conclusions are as follows:
(i) Compared to network architectures such as ANN,
GRU, and 2D-CNN, the 1D-CNN network achieves
the best contrastive learning performance and is more
stable during training. The deep feature representations
extracted through contrastive learning, when
visualized by t-SNE, show a chaotic distribution in the
reduced-dimensional space, with no obvious clustering
or separation of categories. However, the extracted
features enable the downstream fatigue life prediction
model to more easily learn from samples with different
loading paths, achieving excellent performance even
with a simple linear regression model.
Compared to other unsupervised learning algorithms,
the features extracted using contrastive learning show
better similarity and consistency. Through comparative
experiments, contrastive learning is found to be more
effective in extracting features related to fatigue life
prediction from stress-strain hysteresis data, thereby
helping downstream models better uncover the
underlying patterns in the data. Compared to traditional
unsupervised learning algorithms, contrastive learning
demonstrates stronger robustness and effectiveness
when handling multiaxial fatigue data.

(iii) Thefeaturerepresentationslearned through contrastive
learning exhibit superior predictive performance
in downstream tasks. In multiple machine learning
models, contrastive learning consistently achieves
better prediction results. Compared to scenarios
without contrastive learning, the maximum reduction
in RMSE in models such as SVM, ANN, and others
can reach 86.26%. In addition, the prediction stability
is improved, as evidenced by a reduction in the
standard deviation of repeated experiments.

(iv) Contrastive learning has the potential to be further

extended for applications in multiaxial fatigue life

prediction and similar domains. Leveraging the
benefits of contrastive learning, it can help achieve
few-shot or even zero-shot learning for downstream
tasks. This approach can also contribute to addressing
challenges in fields such as electronic packaging and
multiscale structural integrity, where data scarcity and
the need for robust predictive models are key concerns.

To further enhance the effectiveness and applicability

of the proposed framework, several key directions

warrant exploration. One important area is integrating
contrastive learning with traditional physics-based
models to bridge data-driven insights with mechanical

(ii)

)

Volume 2 Issue 1 (2025)

68

doi: 10.36922/IJAMD025040004


https://dx.doi.org/10.36922/IJAMD025040004

International Journal of Al for
Materials and Design

Fatigue life prediction via contrastive learning

principles, thereby improving model interpretability.
In addition, extending this framework to materials
with heterogeneous microstructures can help evaluate
its performance under different fatigue mechanisms
and further validate its generalization capability.
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