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Abstract:

Title: A Hybrid Integrated Framework for Finite Element Method: Integrating Graph Neural

Networks with Vectorized Parallel Assembly on GPUs
Abstract:

This study presents an advanced computational framework that enhances the efficiency and

accuracy of the traditional Finite Element Method (FEM) through the integration of three
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innovative techniques: (1) Pattern—Aware Vectorized Assembly algorithm to eliminate iterative
loops, (2) Graph Neural Network (GNN) model for intelligent mesh adaptation, and (3) Parallel
computing acceleration using Graphics Processing Units (GPUs). The methodology was
validated on three benchmark problems including fluid flow and nonlinear structural analysis.
Results demonstrated an improvement in accuracy up to three orders of magnitude (from
1.5%x107 to 2.1x107°) and a reduction in computation time by up to 93% compared to
conventional methods. Newton—Raphson iterations decreased from 15 to 6 iterations, with a
26% reduction in memory consumption. The GNN model exhibited strong generalization
capability, reducing total degrees of freedom by 40% while maintaining accuracy. These
findings demonstrate the viability of integrating artificial intelligence with high—performance

computing for solving complex engineering problems.

Keywords: Finite Element Method, Graph Neural Networks, Parallel Computing, Adaptive
Mesh Refinement, GPU Computing, Vectorized Assembly.
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Case Study 2: Nonlinear Structural Analysis

Table 2: dul )l - Aladt 2505:2 11 Jaial

Ll Jakaooyl 12.0 mm 12.7 mm

+5.8%

Fig. 2: Error vs Degrees of Freedom :2 i, 21

(%)-1
0

‘ =

25
15

=@ Proposed Method

500 100 1500 2000 3000 5000
&, &b (DOFs)

sl 3l gl Oy Ob 23 dual ] Dl
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o
il Pseudo—code :i aldl
Algorithm 1: Vectorized Assembly with Graph Coloring
Input: Mesh M, Material properties D
Output: Global stiffness matrix K_global
/| :1Step 1: Build adjacency graph
:2G = BuildGraph(M)
:3
/| :4Step 2: Graph coloring
:5colors = GreedyColoring(G)
:6num_colors = max(colors)
7
/| :8Step 3: Parallel assembly
:9K_global = zeros(N_dof, N_dof)
:10for ¢ = 1 to num_colors do in parallel
:11elements_c = {e | colors[e] == c}
:12for e in elements_c do in parallel
:13K_e = ComputeElementStiffness(e, D)
:14indices = GetGloballndices(e)
:15AtomicAdd(K_global[indices], K_e)
:16end for
:17end for
:18
:19return K_global
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Algorithm 2: GNN-Based Mesh Adaptation
Input: Initial mesh M_0, GNN model f 6

Output: Adapted mes M*

:IM=M 0
:2while not converged do
/|  :3Solve FEM problem
:4u = SolveFEM(M)
:5
// :6Predict error probabilities
:7G = MeshToGraph(M, u)
:8p = f_6(G) // Forward pass
:9
/| :10Refine based on predictions
:11for each element e in M do
:12if p[e] > 0.7 then
:13M = h-refine(M, e)
:14else if p[e] > 0.5 then
:15M = p-refine(M, e)
:16end if
:17end for
:18
/| :19Check convergence
:20if ||lu_new — u_old|| / [lu_new]| < & then
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:21break
:22end if
:23end while
:24
:25return M
LS Cupl) labea o alal
yaml
Model:
Architecture: GCN
num_layers: 4
hidden_dims[64 ,128 ,128 ,64] :
dropout: (.3
activation: ReLU
Training:
optimizer: Adam
learning_rate: 0.001
weight_decay: 0.00001
batch_size: 32
epochs: 200
early stopping_patience: 20
Loss:
lambda_1: 0.6 L2 error
lambda_2: 0.3 Quality

lambda_3: 0.1 Smoothness
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Data:
train_size: 3500
val_size: 750
test size: 750

augmentation: True
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