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displayed in Figs. 14(d) and 15(d) demonstrate that the top 
force and volume strain of the computational domain 
solved by the FEM–ML method remain highly consistent 
with those acquired by the FEM–DEM modelling.

Additionally, as another significant metric to assess the 
proposed FEM–ML scheme, the stress fields of the stress 
components obtained by both numerical methods were 
compared. For instance, Fig. 16 shows the shear stress σ23 
at the 4th, 16th and 57th loading steps along with the corre-
sponding slice of each modelling result. These comparison 
results further demonstrate that the trained NNσ and NND 
have comparable performance to the DEM solver in pro-
viding the history-dependent constitutive response and 
tangent stiffness matrix for each Gaussian point in the 
FEM.

4. Conclusion
This study presents a novel history-information- 

embedded FEM–ML approach that leverages MLP models 
to provide the stress–strain response for each Gaussian 
point to significantly enhance the computational efficiency 
of the conventional FEM–DEM multiscale method for 3D 
problems. To enable the single-step-based neural network 
to effectively capture the history-dependent constitutive 
behaviours of granular media, three innovative state  
variable-based internal variables were integrated into the 
MLP model as additional input features to construct the 
history-information-encoded FEM–ML multiscale frame-
work. The developed data-driven multiscale approach was 
comprehensively validated through the solution of the BVP 
of conventional triaxial compression. The results obtained 
by the FEM–ML method were systematically compared 
with those derived from the FEM–DEM method under 

(a)

(b)

(c)

Fig. 16  Stress fields solved by FEM–DEM and FEM–ML: (a) Load step = 4; (b) Load step = 16; (c) Load step = 57.
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identical BVP and loading conditions.
The comparison reveals that the MLP model coupled 

with the proposed history variables for the granular mate-
rial satisfactorily provides the local constitutive response 
of each Gaussian point, effectively substituting the DEM 
solver within the FEM framework. Additionally, the mac-
roscopic modelling results using the proposed data-driven 
multiscale method are highly consistent with those of tradi-
tional FEM–DEM simulation. The results demonstrate that 
the developed FEM–ML method achieves comparable 
performance to the traditional FEM–DEM algorithm in 
triaxial compression modelling but with approximately 125 
times the computational efficiency, indicating its potential 
as a highly efficient alternative to the conventional FEM–
DEM algorithm for 3D simulations.

Nomenclature
ML	 machine learning
MLP	 multi-layer perceptron
RVE	 representative volume element
FEM	 finite element method
DEM	 discrete element method
CTC	 conventional triaxial compression
RNN	 recurrent neural network
TCNN	 temporal convolutional neural network
GRU	 gated recurrent unit
LSTM	 long short-term memory
AD	 automatic differentiation
BVP	 boundary value problem
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