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A B S T R A C T

Real-time structural optimization of trusses using machine learning techniques, incorporating both topology and 

size optimization, is more effective in discrete domains than in continuous ones, with Graph Neural Networks 

(GNNs) showing strong potential. However, the impact of convolutions in GNNs is not yet fully understood, limit­

ing their full applicability. This paper presents a GNN-based surrogate model for real-time structural optimization 

and identifies the most suitable convolution type for this task. The study assesses the predictive performance of 

models trained on a dataset of optimized structures spanning a range of loads, boundary conditions, and de­

sign domain sizes. The resulting model effectively predicts both optimal topology and member sizes once the 

design parameters are provided. Eight graph convolution types are investigated to identify the most suitable 

method, alongside an evaluation of optimal network architectures. Among the tested approaches, Generalised 

Graph Convolution achieves the highest accuracy, followed by Topology Adaptive Graph Convolution, produc­

ing near-ideal topology predictions for most test cases and maintaining section size prediction errors within ±2%
across all test data points. This framework demonstrates strong potential for broader applications.

1 . Introduction

Optimization of structures has long been a central focus in structural 

engineering. At its core, structural optimization involves the formula­

tion of an objective function, subject to a set of governing constraints, 

where both the objectives and constraints vary depending on the design 

requirements. In recent years, increasing emphasis on sustainability has 

driven the need to reduce material consumption and, consequently, the 

embodied carbon of structural systems. As a result, the minimization 

of structural self-weight has emerged as one of the most extensively 

studied objectives in the literature. Alongside this objective, a wide 

range of constraints has been incorporated into optimization frame­

works. These include stress and equilibrium constraints [1], thermal 

behaviour constraints [2], reliability-based constraints [3,4], buckling 

constraints [5], and vibrational constraints [6]. The resulting optimized 

designs have found applications across multiple engineering domains, 

ranging from civil engineering structures [7], to aerospace systems [8], 

and automotive engineering applications [9].

Since the mid-20th century, a wide range of optimization meth­

ods have been developed to solve these optimization tasks, and these 

approaches continue to evolve in response to advances in computa­

tional techniques and increasing design complexity. These methods 

can be broadly categorized into density-based, boundary evolution-

based, and explicit representation-based topology optimization ap­

proaches. In density-based topology optimization, each finite element 

is assigned a material density variable. Common methods in this cat­

egory include Solid Isotropic Material with Penalization (SIMP) [10,

11], Evolutionary Structural Optimization (ESO) [12], Bi-Directional 

Evolutionary Structural Optimization (BESO) [13], and Sequential 

Element Rejection and Admission (SERA) [14]. In boundary evolution-

based topology optimization, the boundary of the structure is evolved 

directly instead of using density variables. Common approaches in 

∗ Corresponding author.

 Email address: N.C.A.Geekiyanage@sms.ed.ac.uk (N. Ariyasinghe).

https://doi.org/10.1016/j.istruc.2026.111934

Received 19 January 2026; Received in revised form 31 March 2026; Accepted 21 April 2026

Structures 88 (2026) 111934 

Available online 5 May 2026 
2352-0124/© 2026 The Authors. Published by Elsevier Ltd on behalf of Institution of Structural Engineers. This is an open access article under the CC BY license 
( http://creativecommons.org/licenses/by/4.0/ ). 

http://www.sciencedirect.com/science/journal/2352-0124
https://www.elsevier.com/locate/ISTRUC

$\pm 2\%$


$N_b$


$\mathbf {A}_{\text {C}} \in \mathbb {R}^{N \times N}$


$N$


$A_{\text {C},k,k'} = 1$


$k$


$k'$


$A_{\text {C},k,k'} = 0$


$A_{\text {C},k,k'} = A_{\text {C},k',k}$


$V$


$\mathbf {a}$


\begin {equation}\label {eq: objective function} \min _{\mathbf {a}} V = \mathbf {l}^T \mathbf {a}\end {equation}


$\mathbf {l}$


$\mathbf {a}$


\begin {equation}\label {eq: equilibrium function} \mathbf {B}^T \mathbf {n} = \mathbf {f}.\end {equation}


$\mathbf {B}^T$


$\mathbf {n}$


$\mathbf {f}$


$\sigma _T > 0$


$\sigma _C > 0$


\begin {equation}\label {eq: stress constraints} -\sigma _C a_i \leq n_i \leq \sigma _T a_i \quad \text {for} \quad i = 1, 2, \dots , N_b.\end {equation}


$\mathbf {s}^+$


$\mathbf {s}^-$


\begin {align}n_i + \frac {2\sigma _0}{\sigma _C} s^-_i = \sigma _T a_i\label {eq: tensile force}\end {align}


\begin {align}-n_i + \frac {2\sigma _0}{\sigma _T} s^+_i = \sigma _C a_i.\label {eq: compressive force}\end {align}


$\sigma _0$


$(\sigma _T + \sigma _C)/2$


$a_i$


$n_i$


\begin {align}a_i = \frac {s^+_i}{\sigma _T} + \frac {s^-_i}{\sigma _C}\label {eq: area}\end {align}


\begin {align}n_i = s^+_i - s^-_i.\label {eq: force}\end {align}


$s^+_i$


$s^-_i$


\begin {equation}\label {eq: final objective function} \min _{\mathbf {s}^+, \mathbf {s}^-} V = \mathbf {l}^T \left ( \frac {\mathbf {s}^+}{\sigma _T} + \frac {\mathbf {s}^-}{\sigma _C} \right )\end {equation}


\begin {equation}\label {eq: final constraints 1} \text {subject to: } \mathbf {B}^T (\mathbf {s}^+ - \mathbf {s}^-) = \mathbf {f}\end {equation}


\begin {equation}\label {eq: final constraints 2} s^+_i, s^-_i \geq 0\end {equation}


$\mathbf {a}$


$\mathbf {H}^{(l+1)}=\sigma \left (\mathbf {\tilde {D}}^{-1/2}\mathbf {\tilde {A}}\mathbf {\tilde {D}}^{-1/2}\mathbf {H}^{(l)}\mathbf {W}^{(l)}\right )$


$\mathbf {H}^{(l)}$


$\mathbf {H}^{(l+1)}$


$l$


$l+1$


$\mathbf {W}^{(l)}$


$\mathbf {h}_i\in \mathbb {R}^F$


$\mathbf {W}\in \mathbb {R}^{F' \times F}$


$i$


$j\in \mathcal {N}_i$


$\alpha _{ij}={\textrm {softmax}}_{j}\left ({\textrm {LeakyReLU}}\left (\mathbf {a}^{T}[\mathbf {W}\mathbf {h}_i\,\|\,\mathbf {W}\mathbf {h}_j]\right )\right )$


$\mathbf {a}\in \mathbb {R}^{2F'}$


${\textrm {softmax}}_{j}$


$j\in \mathcal {N}_i$


$\mathbf {h}'_i=\big \|_{k=1}^K\sigma \!\left (\sum _{j \in \mathcal {N}_i}\alpha _{ij}^k\mathbf {W}^k\mathbf {h}_j\right )$


$\mathcal {N}_i$


$i$


$K$


$\mathbf {W}^k$


$\alpha _{ij}^k$


$\ell $


$c$


$f$


$\mathbf {G}^{(\ell )}_{c,f}=\sum _{k=0}^Kg^{(\ell )}_{c,f,k}\mathbf {\bar {A}}^k$


$g^{(\ell )}_{c,f,k}$


$K$


$f$


$\mathbf {x}^{(\ell +1)}_f=\sigma \!\left (\sum _{c=1}^{C_\ell }\mathbf {G}^{(\ell )}_{c,f}\mathbf {x}^{(\ell )}_c+b^{(\ell )}_f\mathbf {1}_{N}\right )$


$\mathbf {x}^{(\ell )}_c\in \mathbb {R}^{N}$


$\mathbf {x}^{(\ell +1)}_f\in \mathbb {R}^{N}$


$c$


$f$


$C_\ell $


$b^{(\ell )}_f$


$\mathbf {1}_{N}$


$\mathbf {\bar {A}}^k$


$k$


$l$


$\mathbf {X}^{(l)}\in \mathbb {R}^{N \times F_l}$


$\mathbf {W}^{(l)}\in \mathbb {R}^{F_l \times F_{l+1}}$


$\mathbf {X}^{(l+1)}=\sigma \left (\left (\mathbf {\hat {A}}+\lambda \,{\textrm {diag}}(\mathbf {\hat {A}})\right )\mathbf {X}^{(l)}\mathbf {W}^{(l)}\right )$


$\mathbf {\hat {A}}={(\mathbf {D} + \mathbf {I})}^{-1}(\mathbf {A}+\mathbf {I})$


${\textrm {diag}}(\mathbf {\hat {A}})$


$\mathbf {\hat {A}}$


$\lambda \in \mathbb {R}$


$v$


$u\in \mathcal {N}(v)$


$\mathcal {N}(v)$


$v$


$u$


$v$


$l$


$\mathbf {m}_{vu}^{(l)}=\rho ^{(l)}\!\left (\mathbf {h}_v^{(l)},\mathbf {h}_u^{(l)},\mathbf {h}_{evu}^{(l)}\right )$


$\mathbf {h}_v^{(l)}$


$\mathbf {h}_u^{(l)}$


$\mathbf {h}_{evu}^{(l)}$


$(v,u)$


$\rho ^{(l)}(\cdot )$


$\mathbf {m}_v^{(l)}=\zeta ^{(l)}\left (\{\,\mathbf {m}_{vu}^{(l)}\mid u\in \mathcal {N}(v)\,\}\right )$


$\zeta ^{(l)}(\cdot )$


$\mathbf {h}_v^{(l+1)}={\textrm {MLP}}\!\left (\mathbf {h}_v^{(l)}+s\cdot \frac {\|\mathbf {h}_v^{(l)}\|_2}{\|\mathbf {m}_v^{(l)}\|_2}\cdot \mathbf {m}_v^{(l)}\right )$


$s\in \mathbb {R}$


$i$


$j\in \mathcal {N}(i)$


$\mathcal {N}(i)$


$i$


$\boldsymbol {\phi }_i=\sigma \left (\mathbf {x}_i^{c}\mathbf {W}_1+\sum _{j \in \mathcal {N}(i)}A^{c}_{ij}\left (\mathbf {x}_i^{c}\mathbf {W}_2-\mathbf {x}_j^{c}\mathbf {W}_3\right )\right )$


$\mathbf {x}_i^{c}\in \mathbb {R}^{F}$


$i$


$A^{c}_{ij}$


$(i,j)$


$\mathbf {W}_1,\mathbf {W}_2,\mathbf {W}_3\in \mathbb {R}^{F \times F'}$


$\mathbf {f}_i=\sigma \left (\alpha _i\mathbf {x}_i\mathbf {W}+\sum _{j \in \mathcal {N}(i)}\beta _{i,j}\left (\mathbf {x}_i\mathbf {W}-\mathbf {x}_j\mathbf {W}\right )\right )$


$\mathbf {x}_i\in \mathbb {R}^{F}$


$\mathbf {W}\in \mathbb {R}^{F \times F'}$


$\alpha _i,\beta _{i,j}\in \mathbb {R}$


$\bar {\mathbf {X}}^{(t)}\in \mathbb {R}^{N \times F'}$


$t$


$\bar {\mathbf {X}}^{(0)}=\mathbf {X}$


$t+1$


$\bar {\mathbf {X}}^{(t+1)}=\sigma \left (\tilde {\mathbf {L}}\,\bar {\mathbf {X}}^{(t)}\mathbf {W}+\mathbf {X}\mathbf {V}\right )$


$\tilde {\mathbf {L}}=\mathbf {I}-\mathbf {D}^{-1/2}\mathbf {A}\mathbf {D}^{-1/2}$


$\mathbf {W}\in \mathbb {R}^{F' \times F'}$


$\mathbf {V}\in \mathbb {R}^{F \times F'}$


$\mathbf {X}\mathbf {V}$


$T$


$K$


$k=1,\dots ,K$


$\mathbf {Y}=\sum _{b=1}^Bw_b\odot \mathbf {y}_b,\quad \text {where}\quad \mathbf {y}_b=g_{\theta _b}(\mathbf {L})\,\mathbf {X}=\mathbf {U}\,g_{\theta _b}(\boldsymbol {\Lambda })\,\mathbf {U}^\top \mathbf {X}$


$\mathbf {L}=\mathbf {D}-\mathbf {A}$


$g_{\theta _b}(\cdot )$


$\theta _b$


$w_b\in \mathbb {R}^N$


$\mathbf {Y}=\sum _{b=1}^Bw_b\odot \left (\tilde {\mathbf {D}}^{-1/2}\tilde {\mathbf {A}}\tilde {\mathbf {D}}^{-1/2}\mathbf {X}\boldsymbol {\Theta }_b\right )$


$\boldsymbol {\Theta }_b\in \mathbb {R}^{F \times F'}$


$\mathbf {\tilde {A}} = \mathbf {A} + \mathbf {I}_N$


$\mathbf {I}_N \in \mathbb {R}^{N \times N}$


$N$


$\mathbf {\tilde {D}}$


$\tilde {D}_{ii} = \sum _j \tilde {A}_{ij}$


$i$


$j$


$\mathbf {A} \in \mathbb {R}^{N \times N}$


$\mathbf {D}$


$D_{ii} = \sum _j A_{ij}$


$\mathbf {\bar {A}} = \mathbf {\tilde {D}}^{-1/2}\mathbf {\tilde {A}}\mathbf {\tilde {D}}^{-1/2}$


$N$


$\mathbf {X} \in \mathbb {R}^{N \times F}$


$\mathbf {Y} \in \mathbb {R}^{N \times F'}$


$F$


$F'$


$\odot $


$\|\cdot \|_2$


${\textrm {MLP}}(\cdot )$


$\mathbf {L} = \mathbf {U}\boldsymbol {\Lambda }\mathbf {U}^\top $


$\mathbf {U}$


$\boldsymbol {\Lambda }$


$\sigma (\cdot )$


$G=(\mathcal {N},\mathcal {E})$


$\mathcal {N}=\{\text {node}_1,\ldots ,\text {node}_{N}\}$


$\mathcal {E}$


$N$


$\mathbf {x}_k$


$k$


$(x_k,y_k)$


$k$


$(L_{x,k},L_{y,k})$


$k$


$(S_{x,k},S_{y,k})$


$k$


$\mathbf {X}\in \mathbb {R}^{N \times 6}$


$\mathbf {A}_{\text {C}}\in \mathbb {R}^{N \times N}$


$\mathbf {A}_{\text {O}}\in \mathbb {R}^{N \times N}$


$G = (\mathcal {N}, \mathcal {E})$


$\mathbf {X}$


$\text {node}_k$


$\mathbf {x}_k = [x_k, y_k, L_{x,k}, L_{y,k}, S_{x,k}, S_{y,k}]$


$(x, y)$


$\mathcal {E}$


$\mathbf {A}_{\text {C}}$


${A}_{\text {C},k,k'} = \begin {cases} 1 & \text {if node } k~\text {is connected to node }~k', \\ 0 & \text {otherwise}. \end {cases}$


$\mathbf {A}_{\text {O}}$


${A}_{\text {O},k,k'}$


$a$


$k$


$k'$


${A}_{\text {O},k,k'} = \begin {cases} a > 0 & \text {if a member exists between nodes } k~\text {and }~k', \\ 0 & \text {otherwise}. \end {cases}$


$\mathbf {A}_{\text {O}}$


$\mathbf {A}_{\text {C}}$


$N$


$x$


$edge\_index$


$\text {conv}_1$


$I\_channels$


$H\_channels_1$


$\text {conv}_2$


$H\_channels_1$


$H\_channels_2$


$\text {conv}_3$


$H\_channels_2$


$H\_channels_3$


$\text {conv}_4$


$H\_channels_3$


$O\_channels$


$x$


$edge\_index$


$x_1 \gets \text {ReLU}(\text {conv}_1(x, edge\_index))$


$x_2 \gets \text {conv}_2(x_1, edge\_index)$


$x_3 \gets \text {ReLU}(\text {conv}_3(x_2, edge\_index)) + x_1$


$x_4 \gets \text {conv}_4(x_3, edge\_index)$


$x_4$


$L_x$


$L_y$


$L_y/L_x$


$\mathcal {D}$


$n_t$


\begin {equation*}\mathcal {D} = \left \{(\mathbf {X}^{(i)}, \mathbf {A}_{\text {C}}^{(i)}, \mathbf {A}_{\text {O}}^{(i)}) \;\middle |\; i = 1, \dots , n_t \right \},\end {equation*}


$conv_1$


$conv_4$


$H_{\text {channels},1}$


$H_{\text {channels},3}$


$H_{\text {channels},2}$


$\mathbf {\Theta }$


$1\times 10^{-7}$


\begin {equation*}\mathcal {D} = \left \{(\mathbf {X}^{(i)}, \mathbf {A}_{\text {C}}^{(i)}, \mathbf {A}_{\text {O}}^{(i)}) \;\middle |\; i = 1, \dots , n_t \right \} \rightarrow \left \{(\mathbf {X}^{(i)}, \mathbf {E}^{(i)}, \mathbf {Y}^{(i)}) \;\middle |\; i = 1, \dots , n_t \right \}\end {equation*}


$\mathbf {\mathcal {D}}_{\text {train}}$


$\mathbf {\mathcal {D}}_{\text {test}}$


$n_t = n_{tr} + n_{te}$


$n_{tr}$


$n_{te}$


$\mathbf {\mathcal {D}}_{\text {train}} = \{(\mathbf {X}_{tr}^{(i)}, \mathbf {E}_{tr}^{(i)}, \mathbf {Y}_{tr}^{(i)}) \mid i = 1, \dots , n_{tr} \}$


$\mathbf {\mathcal {D}}_{\text {test}} = \{(\mathbf {X}_{te}^{(i)}, \mathbf {E}_{te}^{(i)}, \mathbf {Y}_{te}^{(i)}) \mid i = 1, \dots , n_{te} \}$


$f_\theta (\cdot )$


$\hat {\mathbf {Y}}_{*}^{(i)} = f_\theta \!\left (\mathbf {X}_{*}^{(i)}, \mathbf {E}_{*}^{(i)}\right ),$


$* \in \{tr, te\}$


$\mathbf {M}_{\text {zero diag}}$


\begin {equation*}\hat {\mathbf {Y}}_*^{(i)} \leftarrow \left ( \frac {\hat {\mathbf {Y}}_*^{(i)} + \hat {\mathbf {Y}}_*^{(i)\top }}{2} \right ) \odot \mathbf {M}_{\text {zero diag}}.\end {equation*}


$\left \{\mathbf {X}_{tr}^{(i)} \;\middle |\; i = 1, \dots , n_{tr} \right \}$


$\mathbf {X}_{tr}$


$\mathbf {X}_{te}$


$\left \{\mathbf {Y}_{tr}^{(i)} \;\middle |\; i = 1, \dots , n_{tr} \right \}$


$\mathbf {Y}$


$[\min , \max ]$


\begin {align}{y}_{i,k,k'} = \begin {cases} 500 + \dfrac {y_{k,k'}^{(i)} - y_{\min }}{y_{\max } - y_{\min }} \cdot (2000 - 500) & \text {if } y_{k,k'}^{(i)} > 0, \\[1em] 0 & \text {if } y_{k,k'}^{(i)} = 0, \end {cases} \label {eq:scaled-adjacency}\end {align}


$y_{k,k'}^{(i)}$


$(k,k')$


$\mathbf {Y}^{(i)}$


$i = 1, \dots , n_t$


$y_{\min }$


$y_{\max }$


$\left \{\mathbf {Y}_{tr}^{(i)} \mid i = 1, \dots , n_{tr} \right \}$


\begin {align}\label {eq:asymmetric-loss} \mathcal {L}_{\text {batch}}(\hat {\mathbf {Y}}_*, \mathbf {Y}_*) = \frac {1}{N^2} \sum _{i \in \mathcal {I}_j} \sum _{k=1}^{N} \sum _{k'=1}^{N} \begin {cases} w {\left ( \hat {y}_{*,k,k'}^{(i)} - y_{*,k,k'}^{(i)} \right )}^2, & \text {if } \hat {y}_{*,k,k'}^{(i)} < y_{*,k,k'}^{(i)}, \\ {\left ( \hat {y}_{*,k,k'}^{(i)} - y_{*,k,k'}^{(i)} \right )}^2, & \text {otherwise}. \end {cases}\end {align}


$w = 3$


$B = 64$


$A = 4$


$AB = 256$


$\mathcal {D}_*$


$* \in \{tr, te\}$


$j = 1, \dots , \left \lceil \frac {n_*}{B} \right \rceil $


$j$


$\mathcal {I}_j = \left \{(j-1)B + 1, \dots , \min (jB, n_*) \right \},$


$B$


$\hat {y}_{*,k,k'}^{(i)}$


$(k,k')$


$\hat {\mathbf {Y}}^{(i)}_*$


$i \in \mathcal {I}_j$


$y_{*,k,k'}^{(i)}$


$\mathbf {Y}^{(i)}_{*}$


$*$


$tr$


$te$


$\mathcal {L}_{\text {batch}} \left ( {\{\hat {\mathbf {Y}}_*^{(i)} \}}_{i \in \mathcal {I}_j}, {\{\mathbf {Y}_*^{(i)} \}}_{i \in \mathcal {I}_j} \right )$


$\eta $


$\eta $


$\eta $


$\nabla _\theta \mathcal {L}_{\text {acc}}$


$\nabla _\theta \mathcal {L}_{\text {acc}} \;\leftarrow \; \nabla _\theta \mathcal {L}_{\text {acc}} + \nabla _\theta \mathcal {L}_{\text {batch}}$


$A$


$n_b$


$\theta \leftarrow \theta - \eta \, \frac {\nabla _\theta \mathcal {L}_{\text {acc}}}{n_b}$


$\mathcal {D}_{tr}, \mathcal {D}_{te}$


$\Theta $


$B$


$A$


$e$


$\theta $


$\eta $


$=1$


$e$


$\mathcal {L}_{tr}=0$


$p=0$


$\mathcal {B}_j \subset \mathcal {D}_{tr}$


$\hat {\mathbf {Y}}_{tr} \gets f_\theta (\mathbf {X}_{tr}, \mathbf {E}_{tr})$


$\hat {\mathbf {Y}}_{tr} \gets \frac {1}{2}\left (\hat {\mathbf {Y}}_{tr}+\hat {\mathbf {Y}}_{tr}^{\top }\right )\odot \mathbf {M}_{\text {zero diag}}$


$\mathcal {L}_{\text {batch}}$


$p \gets p+1$


$p=A$


$\theta $


$p \gets 0$


$\mathcal {L}_{tr} \gets \mathcal {L}_{tr} + \mathcal {L}_{\text {batch}}$


$\mathcal {L}_{tr}$


$\mathcal {L}_{val}=0$


$\mathcal {B}_j \subset \mathcal {D}_{te}$


$\mathcal {L}_{\text {batch}}$


$\mathcal {L}_{val} \gets \mathcal {L}_{val} + \mathcal {L}_{\text {batch}}$


$\mathcal {L}_{val}$


$R^2$


$N_{\text {obs}}$


$Y_{\text {obs}, i}$


$Y_{\text {pred}, i}$


$R^2$


\begin {equation}\label {eq:NRMSE} {\textrm {NRMSE}} = \frac {\sqrt {\frac {1}{N_{\text {obs}}} \sum _{i = 1}^{N_{\text {obs}}} {\left (Y_{\text {obs},i} - Y_{\text {pred},i}\right )}^2}}{\overline {Y}_{\text {obs}}}\end {equation}


\begin {equation}\label {eq:R2} R^2 = 1 - \frac {\sum _{i=1}^{N_{\text {obs}}} {\left (Y_{\text {obs},i} - Y_{\text {pred},i} \right )}^2}{\sum _{i=1}^{N_{\text {obs}}} {\left (Y_{\text {obs},i} - \overline {Y}_{\text {obs}} \right )}^2}\end {equation}


\begin {equation}\text {Recall} = \frac {TP}{TP + FN} \label {eq:recall}\end {equation}


\begin {equation}\text {Precision} = \frac {TP}{TP + FP} \label {eq:precision}\end {equation}


\begin {equation}\text {F1 Score} = 2 \cdot \frac {\text {Precision} \cdot \text {Recall}}{\text {Precision} + \text {Recall}} \label {eq:f1_score}\end {equation}


\begin {equation}\text {Jaccard Similarity} = \frac {TP}{TP + FP + FN} \label {eq:jaccard_similarity}\end {equation}


$(-\infty , 1)$


\begin {align}\text {MAPE} = \frac {1}{|E_{\text {gt}}|} \sum _{i=1}^{|E_{\text {gt}}|} \left |\frac {A_i - P_i}{A_i}\right | \times 100 \label {eq:mape}\end {align}


\begin {align}\text {SMAPE} = \frac {1}{|\mathbf {E}_{\text {gt}} \cup \mathbf {E}_{\text {pred}}|} \sum _{i=1}^{|\mathbf {E}_{\text {gt}} \cup \mathbf {E}_{\text {pred}}|} \frac {|P_i - A_i|}{|P_i| + |A_i|} \times 100 \label {eq:smape}\end {align}


$A_i$


$P_i$


$i$


$\mathbf {E}_{\text {gt}}$


$\mathbf {E}_{\text {pred}}$


$R^2$


$R^2$


$R^2$


$R^2$


$R^2$


$R^2$


$R^2$


$\mathbf {X} \in \mathbb {R}^{N \times 9}$

https://orcid.org/0000-0002-7507-1239
mailto:N.C.A.Geekiyanage@sms.ed.ac.uk
https://doi.org/10.1016/j.istruc.2026.111934
https://doi.org/10.1016/j.istruc.2026.111934
http://crossmark.crossref.org/dialog/?doi=10.1016/j.istruc.2026.111934&domain=pdf
http://creativecommons.org/licenses/by/4.0/


N. Ariyasinghe, T. Wickremasinghe, H. Weeratunge et al.

this category include the level set method (LSM) [2] and the bubble 

method [15]. In explicit representation-based topology optimization, the 

structure is described directly using geometric parameters or structural 

elements. Examples of such methods include the Moving Morphable 

Component (MMC) method [16], Moving Morphable Void (MMV) 

method [17], Particle Swarm Optimization (PSO) [18,19], and Genetic 

Algorithms (GA) [20,21]. Despite the advancements and diversity of 

these methods, the demand for reduced computational cost continues 

to grow in practical applications. The integration of machine learning 

(ML) into structural optimization has shown considerable promise in 

addressing this challenge by significantly reducing computational costs. 

However, which machine learning techniques are most effective and 

appropriate for structural optimization tasks is still debated.

The most common machine learning (ML) techniques used in struc­

tural optimization include Support Vector Machines (SVMs) and various 

types of Neural Networks (NNs), such as Feed Forward Neural Networks 

(FFNNs), Physics-Informed Neural Networks (PINNs), Convolutional 

Neural Networks (CNNs), Generative Adversarial Networks (GANs), 

and Graph Neural Networks (GNNs). Among these, some methods are 

predominantly applied in continuous domains (e.g., image-based repre­

sentations), such as CNNs and GANs, while others are more suited to 

discrete domains, such as PINNs and GNNs; however, their applicabil­

ity is not strictly limited to these domains. In using ML for optimization 

processes within continuous design domains, Du et al. [22] proposed 

a generative model-based framework using Least Squares Generative 

Adversarial Networks (LSGANs) to synthesize new topology-optimized 

truss designs. Their approach used image augmentation and topology 

optimization under various loading conditions to create a rich dataset 

of labelled images, enhancing the generator’s ability to replicate real­

istic structural layouts. Similarly, Seo and Kapania [23] developed a 

U-Net-based CNN as a surrogate model to predict optimal material den­

sities from the results of the static analysis obtained by SIMP. Their 

model used finite element simulations in Abaqus/CAE (Computer Aided 

Engineering), mapping variables like displacement and strain to ma­

terial distributions. Expanding on CNN-based methods, Zheng et al. 

[24] compared several deep learning architectures, including U-Net, 

Res-U-Net, Attention-U-Net, and their proposed Attention-Res-U-Net. 

Trained using data from the Moving Morphable Component method, the 

Attention-Res-U-Net outperformed all other models, achieving the high­

est precision (0.8134), F1 score (0.8001), and Jaccard Index (0.6710). 

Jayaweera et al. [25] used CNNs to predict truss structures along with 

integrating a geometric feature identification algorithm, to effectively 

overcome limitations of generator-induced losses. Hybrid frameworks 

have also emerged, such as Wang et al. [26], who combined Principal 

Component Analysis (PCA) with a feed-forward neural network. Their 

results showed significant accuracy improvements, with a minimum 

prediction error of 2.663% when using 22% of the sample size as eigen-

images. Seo and Min [27] introduced a hybrid model integrating GNNs 

and Multi-Layer Perceptrons (MLPs) to handle non-Euclidean finite ele­

ment mesh data. The model encoded spatial and mechanical information 

through graphs and predicted optimal density distributions. Jeong et al. 

[28] presented a physics-based approach using PINNs, which learned 

displacement fields by minimizing the system’s potential energy with­

out labelled data. Their method offered a mesh-free, partial differential 

equation-constrained solution to topology optimization, highlighting the 

potential of physics-integrated learning frameworks. In a recent study 

by Li et al. [29], structural optimization was decoupled into two se­

quential but interacting subproblems: (i) determining the optimal load 

location (device layout) using a Radial Basis Function Neural Network 

(RBF-NN) trained on adaptively sampled finite element data, coupled 

with PSO to efficiently identify the best load positions, and (ii) per­

forming topology optimization under the identified loading conditions. 

The topology optimization was then carried out using a gradient-based 

level set method. While machine learning approaches can successfully 

generate optimized structural topologies in continuous design domains, 

accurately determining cross-sectional sizes from these outputs remains 

challenging making results difficult in size optimization. This difficulty 

arises from the pixel-based representation of cross-sectional properties, 

which can introduce significant errors, particularly when physical length 

scales are taken into account.

This limitation is significantly mitigated in machine learning–based 

optimization within discrete design domains, where topology is defined 

by element placement, and cross-sectional properties are represented 

through labels rather than pixel-based representations. This makes such 

approaches particularly well-suited for truss applications. The topology 

and size optimization approaches in discrete domains can be broadly 

categorized into three main branches: (i) methods that incorporate 

physics-based loss functions, where ML is used as the optimizer and 

the optimization problem is framed as a learning task; (ii) surrogate-

based approaches that approximate finite element analysis (FEA); and 

(iii) data-driven methods that directly generate optimized designs from 

trained datasets. In the first two approaches, the repetitive evaluations 

inherent to the optimization process are not fully eliminated.

In physics-based optimization approaches, Mai et al. [30] incorpo­

rated Bayesian Optimization (BO) to automatically tune the hyperpa­

rameters of a deep neural network (DNN) for non-linear truss optimiza­

tion. A Gaussian process surrogate was employed to minimize the DNN’s 

prediction-based loss function, thereby improving model efficiency and 

performance. Mai et al. [31] further proposed Physics-Informed Direct 

Generation (PIDG) models, which embed physical principles and objec­

tive functions directly into the loss function to guide network training, 

effectively eliminating the need for external, computationally expen­

sive structural analyses. A related PIDG-based approach, the Advanced 

Neural Network Algorithm (ANNA), operates as a metaheuristic op­

timizer using a multi-layered NN structure [32]. Another powerful 

physics-informed approach is Deep Reinforcement Learning (DRL). Fu 

et al. [33] demonstrated this in their FrameRL framework for auto­

mated steel frame design. This DRL-based method does not require large 

volumes of pre-processed data; instead, learning is guided by a physics-

informed reward function that promotes designs that are both safe and 

economical. On the other hand, the development of surrogate models for 

FEA has significantly reduced the number of analyses required to reach 

an optimal solution, and in some cases can fully replace FEA with a com­

putationally cheaper approximation. Mai et al. [34] introduced a DNN 

surrogate model integrated with a Differential Evolution (DE) algorithm. 

The DNN was trained on geometrically non-linear analysis data to pre­

dict nodal displacements from input cross-sectional areas. This approach 

demonstrated high accuracy, with Mean Squared Error (MSE) values 

of 0.059 and 0.051 for training and validation, respectively, and cor­

responding Root Mean Squared Error (RMSE) values of approximately 

2.4%. Similarly, the Hybrid Intelligent Genetic Algorithm (HIGA) incor­

porates a DNN trained online during the optimization process to act 

as a high-efficiency surrogate for evaluating both objective and con­

straint functions [35]. Pham et al. [36] proposed a k-Nearest Neighbor 

Comparison (k-NNC) technique that eliminates the training phase by 

evaluating new design candidates based on their proximity to existing 

population members. Inferior candidates are rejected early, reducing 

the number of required structural analyses by 40% to 60%. Nourian 

et al. [37] proposed a GNN surrogate to predict nodal displacements, 

requiring FEA in only 10% of optimization iterations while maintaining 

an MSE of 0.022. Nguyen and Yu [38] employed an AdaBoost classi­

fier within a DE framework to classify the safety of trial solutions. Trial 

vectors identified as unsafe and less optimal than the current best are 

discarded without further analysis, thereby improving computational 

efficiency. Jayaweera et al. [39] applied GNNs for action prediction 

and combined neural networks with particle swarm optimization for 

beam–slab layout and reinforcement design.

The third category involves the direct generation of optimized de­

signs from trained datasets, which has the potential to eliminate iterative 

processes entirely in real-time optimization applications. However, its 

application to structural optimization remains relatively underexplored, 

with only a limited number of studies investigating this approach [24,
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40,41]. Zhu et al. [40] applied GNNs to automate the generation of 

machine-defined ground structures; however, their work did not explic­

itly target real-time structural optimization. Similarly, Zheng et al. [24] 

employed graph convolution techniques for real-time topology and size 

optimization. Building on this, Ariyasinghe et al. [41] proposed a GNN-

based approach to directly predict optimized topologies and member 

sizes using Topology Adaptive Graph Convolutions. Despite these de­

velopments, a comprehensive understanding of how different graph 

convolution architectures influence model performance in structural op­

timization is still lacking. Since convolution operations constitute the 

core mechanism through which GNNs propagate and aggregate infor­

mation, their influence on structural optimization outcomes is of critical 

importance. Most existing studies rely on basic convolutional archi­

tectures and do not fully utilize the power of GNNs. This presents a 

significant opportunity to investigate and identify convolution strategies 

that are better suited for discrete structural optimization tasks. Building 

upon prior research, this study aims to explore the role of various graph 

convolution methods within GNN frameworks, with the objective of en­

hancing both performance and generalizability in large-scale structural 

optimization problems.

2 . Ground-truth discrete optimization framework

The ground-truth discrete topology and size optimization framework 

used in this study is based on the approach presented by Zegard and 

Paulino [1], which aims to minimize the total volume of a truss structure 

while satisfying stress constraints in its members. Since the present work 

focuses on exploring the potential of GNNs as surrogates for existing op­

timization techniques, the purpose here is not to refine the optimization 

process developed by Zegard and Paulino [1]. Instead, this section pro­

vides a brief overview of the underlying optimization procedure (Fig. 1) 

to facilitate understanding. Readers interested in a detailed explanation 

are referred to the original work of Zegard and Paulino [1].

The design domain is first discretized into a base mesh, establishing 

the nodal distribution over which the optimization process is performed. 

A ground structure is created by connecting the nodes with a set of poten­

tial truss members, denoted as 𝑁𝑏, according to a specified connectivity 

level. Redundant or overlapping members are removed using a collinear­

ity check to prevent duplicate or coincident elements. The remaining 

members are represented by a connectivity matrix 𝐀C ∈ R𝑁×𝑁 , where 

𝑁  is the number of nodes. The matrix defines all possible structural 

connections between nodes, such that 𝐴C,𝑘,𝑘′ = 1 indicates the presence 

of a member between nodes 𝑘 and 𝑘′, while 𝐴C,𝑘,𝑘′ = 0 indicates no 

connection. The matrix is symmetric, i.e., 𝐴C,𝑘,𝑘′ = 𝐴C,𝑘′ ,𝑘.

Once the connectivity matrix is derived, the optimization problem is 

formulated with the objective of minimizing the total structural volume 

𝑉 , expressed as a function of the cross-sectional areas 𝐚 of the structural 

members: 

min
𝐚

𝑉 = 𝐥𝑇 𝐚 (1)

where 𝐥 is the vector of the lengths of the members and 𝐚 is the vector 

of their corresponding cross-sectional areas. The equilibrium condition 

enforces balance between internal member forces and external nodal 

loads: 

𝐁𝑇 𝐧 = 𝐟 . (2)

where 𝐁𝑇  is the transposed equilibrium matrix constructed from the di­

rectional cosines of the members, 𝐧 is the vector of internal axial forces, 

and 𝐟  represents the external nodal forces applied to the structure. These 

equilibrium constraints ensure that the structure is statically admissi­

ble. Stress constraints are imposed to ensure that internal forces in each 

member remain within the allowable tensile and compressive limits, 

𝜎𝑇 > 0 and 𝜎𝐶 > 0, respectively: 

−𝜎𝐶𝑎𝑖 ≤ 𝑛𝑖 ≤ 𝜎𝑇 𝑎𝑖 for 𝑖 = 1, 2,… , 𝑁𝑏. (3)

To transform these inequality constraints into equalities, slack vari­

ables 𝐬+ and 𝐬− are introduced as follows:

𝑛𝑖 +
2𝜎0
𝜎𝐶

𝑠−𝑖 = 𝜎𝑇 𝑎𝑖 (4)

−𝑛𝑖 +
2𝜎0
𝜎𝑇

𝑠+𝑖 = 𝜎𝐶𝑎𝑖. (5)

where 𝜎0 is the average limit stress (𝜎𝑇 + 𝜎𝐶 )∕2. Using these definitions, 

the cross-sectional area 𝑎𝑖 and the internal force 𝑛𝑖 are expressed as:

𝑎𝑖 =
𝑠+𝑖
𝜎𝑇

+
𝑠−𝑖
𝜎𝐶

(6)

𝑛𝑖 = 𝑠+𝑖 − 𝑠−𝑖 . (7)

This formulation enables a clear distinction between tension and com­

pression, as only one of 𝑠+𝑖  or 𝑠−𝑖  is non-zero for each member. By substi­

tuting these relationships into the objective and equilibrium equations, 

the problem is transformed into a linear programming formulation: 

min
𝐬+ ,𝐬−

𝑉 = 𝐥𝑇
(

𝐬+
𝜎𝑇

+ 𝐬−
𝜎𝐶

)

(8)

subject to: 𝐁𝑇 (𝐬+ − 𝐬−) = 𝐟 (9)

𝑠+𝑖 , 𝑠
−
𝑖 ≥ 0 (10)

The optimization gives the optimum values of the slack variables, which 

are used to obtain the final area vector 𝐚 using the Eq. (6). This results 

in a topology- and size-optimized structure.

3 . Truss optimization with graph neural networks

3.1 . Graph convolutions

GNNs are a class of neural networks specifically designed to work 

with graph-structured data [42]. Unlike traditional neural networks, 

which are primarily suited for grid-like data, GNNs excel in scenarios 

where the relationships between entities are naturally represented as 

graphs [43]. These networks use the inherent structure of graphs, where 

nodes represent entities and edges depict the relationships between 

them. The graph neural network learns through data being convolved 

between the nodes. Therefore, the nature of convolutions plays a signif­

icant role in the performance of the framework. The convolution types 

discussed in this section are later used in this paper to compare their 

suitability and degree of performance in predicting the optimized truss 

structures. The PyTorch Geometric (PyG) Python library [44] is used to 

import these convolution types for the GNN models. The following no­

tations are commonly used in the convolution formulations presented in 

Table 1. The matrix 𝐀̃ = 𝐀+𝐈𝑁  denotes the adjacency matrix with added 

(a) (b) (c) (d) 

Fig. 1. Base mesh (b) and ground structure generation (level 1 connectivity) (c) of a rectangular cantilever design domain (a) and the final optimized structure (d).
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Table 1 

Summary of graph convolution operators, key formulations, and representative applications.

Layer Core Idea/Formulation Example applications

GCNConv [45] Performs spectral graph convolution using the renormalized graph Laplacian. The propagation rule 

for each layer is 𝐇(𝑙+1) = 𝜎
(

𝐃̃−1∕2𝐀̃𝐃̃−1∕2𝐇(𝑙)𝐖(𝑙)) The matrices 𝐇(𝑙) and 𝐇(𝑙+1) represent the input and 

output node feature matrices at layer 𝑙 and 𝑙 + 1, respectively, 𝐖(𝑙) is the trainable weight matrix. This 

formulation enables one-hop neighborhood aggregation with symmetric normalization.

[46]: Brain connectivity modeling (MRI)

[47]: 3D face analysis

[48]: Social media toxicity classification

GATConv [49] Uses masked self-attention to adaptively weight neighboring node features. For a graph with node fea­

tures 𝐡𝑖 ∈ R𝐹 , a shared linear transformation 𝐖 ∈ R𝐹 ′×𝐹  is first applied. Attention coefficients between 

node 𝑖 and its neighbor 𝑗 ∈ N𝑖 are computed as 𝛼𝑖𝑗 = softmax𝑗
(

LeakyReLU
(

𝐚𝑇 [𝐖𝐡𝑖 ‖𝐖𝐡𝑗 ]
))

, where 

𝐚 ∈ R2𝐹 ′
 is a learnable attention vector and softmax𝑗  normalizes over all 𝑗 ∈ N𝑖. The updated node 

representation is 𝐡′𝑖 =
‖

‖

‖

𝐾

𝑘=1
𝜎
(

∑

𝑗∈N𝑖
𝛼𝑘
𝑖𝑗𝐖𝑘𝐡𝑗

)

, where N𝑖 is the set of neighboring nodes of node 𝑖, 𝐾 is 

the number of attention heads, 𝐖𝑘 and 𝛼𝑘
𝑖𝑗  denote head-specific weights and attention coefficients. In 

the final layer, the outputs of attention heads are averaged instead of concatenated.

[50]: Brain mesh connectivity

[51]: Flood segmentation via image-graph 

attention

TAGConv [52] Defines convolution in the vertex domain using a polynomial filter over the normalized adjacency ma­

trix. The layer-𝓁 polynomial filter mapping input channel 𝑐 to output channel 𝑓  is 𝐆(𝓁)
𝑐,𝑓 =

∑𝐾
𝑘=0 𝑔

(𝓁)
𝑐,𝑓 ,𝑘𝐀̄

𝑘, 

where 𝑔(𝓁)𝑐,𝑓 ,𝑘 are learnable coefficients and 𝐾 is the polynomial order (filter size). The output for chan­

nel 𝑓  is 𝐱(𝓁+1)𝑓 = 𝜎
(

∑𝐶𝓁

𝑐=1 𝐆
(𝓁)
𝑐,𝑓 𝐱

(𝓁)
𝑐 + 𝑏(𝓁)𝑓 𝟏𝑁

)

, where 𝐱(𝓁)𝑐 ∈ R𝑁  and 𝐱(𝓁+1)𝑓 ∈ R𝑁  are the input and 

output feature vectors for channels 𝑐 and 𝑓 , respectively, 𝐶𝓁  is the number of input channels, 𝑏(𝓁)𝑓  is 

a bias term, 𝟏𝑁  is a vector of ones. The powers 𝐀̄𝑘 encode 𝑘-hop neighborhood information, enabling 

multi-hop aggregation without requiring spectral decomposition.

[53]: WiFi fingerprint graph modeling

[54]: Mild cognitive impairment detection

ClusterConv [55] Extends the GCN framework by increasing the contribution of self-features during aggregation. The 

node feature matrix at layer 𝑙 is 𝐗(𝑙) ∈ R𝑁×𝐹𝑙  and the trainable weight matrix is 𝐖(𝑙) ∈ R𝐹𝑙×𝐹𝑙+1 . The 

feature matrix after message passing is 𝐗(𝑙+1) = 𝜎
((

𝐀̂ + 𝜆diag(𝐀̂)
)

𝐗(𝑙)𝐖(𝑙)), where 𝐀̂ = (𝐃 + 𝐈)−1(𝐀 + 𝐈)
is a row-normalized adjacency matrix with self-loops, diag(𝐀̂) extracts the diagonal elements of 𝐀̂ and 

forms a diagonal matrix, 𝜆 ∈ R is a scaling parameter controlling the contribution of self-features. 

This modification increases the influence of each node’s own features relative to its neighbors during 

aggregation.

[56]: Large-scale GCN training

[57]: Scalable partition-based training

GENConv [58] Adopts a message-passing framework in which node features are iteratively updated through learn­

able message construction, aggregation, and update functions. For a graph with nodes 𝑣 and neighbors 

𝑢 ∈ N (𝑣), where N (𝑣) denotes the set of neighboring nodes of 𝑣 (including self-loops if present), the 

message from node 𝑢 to node 𝑣 at layer 𝑙 is defined as 𝐦(𝑙)
𝑣𝑢 = 𝜌(𝑙)

(

𝐡(𝑙)𝑣 ,𝐡(𝑙)𝑢 ,𝐡(𝑙)𝑒𝑣𝑢
)

, where 𝐡(𝑙)𝑣  and 𝐡(𝑙)𝑢  are 

node feature vectors, 𝐡(𝑙)𝑒𝑣𝑢 is the edge feature vector associated with edge (𝑣, 𝑢), and 𝜌(𝑙)(⋅) is a learn­

able message function (e.g., a neural network). Messages are aggregated using a permutation-invariant 

function: 𝐦(𝑙)
𝑣 = 𝜁 (𝑙)

(

{𝐦(𝑙)
𝑣𝑢 ∣ 𝑢 ∈ N (𝑣) }

)

, where 𝜁 (𝑙)(⋅) is a learnable aggregation operator acting on the 

multi-set of incoming messages. The node update applies message normalization and a residual con­

nection: 𝐡(𝑙+1)𝑣 = MLP
(

𝐡(𝑙)𝑣 + 𝑠 ⋅ ‖𝐡(𝑙)𝑣 ‖2

‖𝐦(𝑙)
𝑣 ‖2

⋅𝐦(𝑙)
𝑣

)

, 𝑠 ∈ R is a learnable scaling parameter. In practice, the 

architecture employs pre-activation residual blocks with normalization and ReLU activations to enable 

deeper graph networks.

[59]: Mammogram micro-calcification modeling 

[60]: Molecular property prediction

LEConv [61] Designed to capture local extrema by emphasizing contrasts between a node and its neighbors. 

For a graph with nodes 𝑖 and neighbors 𝑗 ∈ N (𝑖), where N (𝑖) denotes the set of neigh­

boring nodes of node 𝑖 (including self-loops if present), the cluster-level formulation is 𝝓𝑖 =
𝜎
(

𝐱𝑐𝑖𝐖1 +
∑

𝑗∈N (𝑖) 𝐴
𝑐
𝑖𝑗

(

𝐱𝑐𝑖𝐖2 − 𝐱𝑐𝑗𝐖3

))

, where 𝐱𝑐𝑖 ∈ R𝐹  is the cluster-level feature vector of node 𝑖, 𝐴𝑐
𝑖𝑗

is the (𝑖, 𝑗)-th entry of the cluster-level adjacency matrix, and 𝐖1 ,𝐖2 ,𝐖3 ∈ R𝐹×𝐹 ′
 are learnable weight 

matrices. A more general formulation is 𝐟𝑖 = 𝜎
(

𝛼𝑖𝐱𝑖𝐖 +
∑

𝑗∈N (𝑖) 𝛽𝑖,𝑗
(

𝐱𝑖𝐖 − 𝐱𝑗𝐖
))

, where 𝐱𝑖 ∈ R𝐹  is the 

node feature vector, 𝐖 ∈ R𝐹×𝐹 ′
 is a learnable weight matrix, and 𝛼𝑖 , 𝛽𝑖,𝑗 ∈ R are learnable or adaptive 

scalar coefficients controlling the contributions of self-features and neighbor differences, respectively. 

This formulation highlights local feature differences and is particularly effective for detecting extrema 

and structural variations in graphs.

[62]: Drug–target affinity prediction

[63]: Protein/drug substructure modeling

ARMAConv [64] Approximates rational spectral filters using a recursive Graph Convolutional Skip (GCS) update. 𝐗̄(𝑡) ∈
R𝑁×𝐹 ′

 is the feature matrix at iteration 𝑡, with initialization 𝐗̄(0) = 𝐗. At iteration 𝑡 + 1, node features 

are updated as 𝐗̄(𝑡+1) = 𝜎
(

𝐋̃ 𝐗̄(𝑡)𝐖 + 𝐗𝐕
)

, where 𝐋̃ = 𝐈 − 𝐃−1∕2𝐀𝐃−1∕2 is the symmetric normalized graph 

Laplacian. The matrices 𝐖 ∈ R𝐹 ′×𝐹 ′
 and 𝐕 ∈ R𝐹×𝐹 ′

 are learnable weights. The skip term 𝐗𝐕 preserves 

original signals and mitigates over-smoothing. The update is applied recursively for 𝑇  iterations, and 

expressiveness can be enhanced using 𝐾 parallel GCS stacks indexed by 𝑘 = 1,… , 𝐾, whose outputs are 

combined (e.g., averaged or concatenated) to produce the final representation.

[65]: Biomedical segmentation

[66]: LiDAR tree species profiling

[67]: Hyperspectral land-cover classification

EGConv [68] Enables adaptive, node-specific filtering by combining multiple graph filters weighted by node-wise 

coefficients. The EGC output is 𝐘 =
∑𝐵

𝑏=1 𝑤𝑏 ⊙ 𝐲𝑏 , where 𝐲𝑏 = 𝑔𝜃𝑏 (𝐋)𝐗 = 𝐔 𝑔𝜃𝑏 (𝚲)𝐔
⊤𝐗, where 𝐋 =

𝐃 − 𝐀 is the graph Laplacian. The functions 𝑔𝜃𝑏 (⋅) are learnable spectral filters parametrized by 𝜃𝑏, and 

𝑤𝑏 ∈ R𝑁  are node-wise weighting coefficients, broadcast across feature dimensions. To avoid explicit 

eigendecomposition, a first-order Chebyshev approximation yields 𝐘 =
∑𝐵

𝑏=1 𝑤𝑏 ⊙
(

𝐃̃−1∕2𝐀̃𝐃̃−1∕2𝐗𝚯𝑏
)

, 

where 𝚯𝑏 ∈ R𝐹×𝐹 ′
 are learnable weight matrices. This formulation enables efficient, node-adaptive 

filtering without spectral decomposition.

[69]: Nanobody paratope prediction

[70]: Molecular dipole prediction

self-loops, where 𝐈𝑁 ∈ R𝑁×𝑁  is the identity matrix for a graph with 𝑁
nodes. The corresponding degree matrix 𝐃̃ has diagonal entries defined 

as 𝐷̃𝑖𝑖 =
∑

𝑗 𝐴̃𝑖𝑗 , where 𝑖 and 𝑗 denote node indices. Similarly, 𝐀 ∈ R𝑁×𝑁

represents the adjacency matrix of the graph, and 𝐃 is its degree matrix 

with entries 𝐷𝑖𝑖 =
∑

𝑗 𝐴𝑖𝑗 . The normalized adjacency matrix is defined 

as 𝐀̄ = 𝐃̃−1∕2𝐀̃𝐃̃−1∕2. For a graph with 𝑁  nodes, the input node feature 

matrix is denoted by 𝐗 ∈ R𝑁×𝐹  and the output by 𝐘 ∈ R𝑁×𝐹 ′
, where 

𝐹  and 𝐹 ′ represent the number of input and output features per node, 

respectively. Additional notation is introduced to aid interpretation of 

the convolution formulations: ⊙ denotes the element-wise (Hadamard) 

product, ‖ ⋅ ‖2 denotes the Euclidean norm, and MLP(⋅) represents a 

multi-layer perceptron. The eigendecomposition of the graph Laplacian 

is given by 𝐋 = 𝐔𝚲𝐔⊤, where 𝐔 is the matrix of eigenvectors and 𝚲 is 

the diagonal matrix of eigenvalues. The function 𝜎(⋅) denotes a nonlinear 

activation function (such as ReLU (Rectified Linear Unit) or LeakyReLU).

3.2 . Graph representation of truss structures for GNN

When optimization is carried out for an unseen input, the GNN-based 

optimization follows the framework shown in Fig. 2, using the graph 
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Fig. 2. Ground-truth discrete optimization framework and proposed GNN based surrogate model for optimization.

Table 2 

Summary of notations used for graph representation in the GNN-

based structural optimization framework.

Notation Description

𝐺 = (N , E) Graph representation of the truss structure

N = {node1 ,… , node𝑁} Set of nodes in the graph

E Set of edges in the graph between nodes

𝑁 Total number of nodes in the graph

𝐱𝑘 Feature vector of node 𝑘
(𝑥𝑘 , 𝑦𝑘) Spatial coordinates of node 𝑘
(𝐿𝑥,𝑘 , 𝐿𝑦,𝑘) External loads applied on node 𝑘
(𝑆𝑥,𝑘 , 𝑆𝑦,𝑘) Global restraints of node 𝑘
𝐗 ∈ R𝑁×6 Node feature matrix of graph

𝐀C ∈ R𝑁×𝑁 Connectivity matrix of graph

𝐀O ∈ R𝑁×𝑁 Optimized output adjacency matrix

representations defined in this section (use Table 2 for notation def­

initions). Each truss structure is represented as a graph 𝐺 = (N , E), 
where node-level information is encoded through feature vectors and 

assembled into the matrix 𝐗. The nodal feature vector of node𝑘 is a 6-

dimensional vector: 𝐱𝑘 = [𝑥𝑘, 𝑦𝑘, 𝐿𝑥,𝑘, 𝐿𝑦,𝑘, 𝑆𝑥,𝑘, 𝑆𝑦,𝑘], based on the nodal 

locations, load and boundary condition inputs in the (𝑥, 𝑦) coordinate 

system in the 2D design domain.

In addition to the nodal features, it is essential to provide the GNN 

with E , which enables information propagation between nodes and 

forms the basis of graph convolutions. For undirected graphs, edges 

facilitate bidirectional message passing between nodes, and therefore 

a symmetric adjacency matrix is employed. The connectivity matrix 

𝐀C, generated within the ground truth optimization framework [1], 

provides an appropriate representation of these edges, where𝐴C,𝑘,𝑘′ =
{

1 if node 𝑘 is connected to node 𝑘′,
0 otherwise.
The output of the structural optimization is given by an output ad­

jacency matrix 𝐀O. Each entry 𝐴O,𝑘,𝑘′  gives the cross-sectional area 𝑎
of the member between nodes 𝑘 and 𝑘′ in the optimized structure, 

with𝐴O,𝑘,𝑘′ =

{

𝑎 > 0 if a member exists between nodes 𝑘 and 𝑘′,
0 otherwise.

The matrix 𝐀O is symmetric and sparse, containing non-zero val­

ues only where members exist in the final optimized layout. It jointly 

encodes the structural topology (member presence) and size (cross-

sectional area) in a single tensor.

The complete methodology is illustrated in Fig. 2. The construction of 

the connectivity matrix 𝐀C for the GNN-based optimization follows the 

procedure outlined in Zegard and Paulino [1] which is briefly described 

in Section 2.

3.3 . Network architecture

The GNN architecture used in this study follows a consistent design 

across all convolution operators. Each model processes node features 

with six input channels, as described in Section 3.2. The architecture 

employs three hidden layers, selected through iterative testing. Although 

increasing network depth can enhance the ability of a model to learn hi­

erarchical representations, existing studies indicate that the benefit of 

additional layers decreases after a certain point, while training time and 

optimization challenges increase significantly [71]. In our experiments, 

adding more than three layers did not yield a noticeable improvement 

in the final loss, which suggests that further depth would increase com­

putational cost without enhancing predictive accuracy. Therefore, three 

hidden layers offered the most effective balance between model com­

plexity, training efficiency, and performance. Residual connections help 

reduce the problem of vanishing gradients and support more stable con­

vergence in deeper networks [72]. Within this architecture, a residual 

link between the first and third hidden layers proved most effective 

based on trial evaluations, since it improved gradient propagation with­

out introducing unnecessary additional parameters. ReLU activation 

functions are applied selectively to the hidden layers in order to capture 

non-linear relationships that cannot be represented by linear transforma­

tions alone [73]. The final layer outputs an 𝑁-dimensional output vector 

for each node, which is used to build the output adjacency matrix that 

represents the predicted topology and size optimized structural layout, 

as outlined in Section 3.2. The forward pass of the model is summarized 

in Algorithm 1.

3.4 . Data generation

The dataset used to train and evaluate the GNN was generated using 

a procedural pipeline derived from the optimization framework intro­

duced in Section 2 and the graph representation described in Section 3.2. 

The process explores a range of truss configurations by varying domain 

size, boundary conditions, and loading, while maintaining a fixed 55-

node orthogonal grid (10 divisions along the length and 4 along the 

height).

The primary objective of this study is to demonstrate the capability 

of Graph Neural Networks (GNNs) as surrogate models for structural op­

timization. To this end, several case studies were considered under two 

types of boundary conditions: cantilever (C) and simply supported (SS). 
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Algorithm 1 Forward Pass of Graph Convolutions.

1: Input:

2:  Node features: 𝑥
3:  Edge index: 𝑒𝑑𝑔𝑒_𝑖𝑛𝑑𝑒𝑥

4: Initialize:

5: conv1: Conv layer from 𝐼_𝑐ℎ𝑎𝑛𝑛𝑒𝑙𝑠 to 𝐻_𝑐ℎ𝑎𝑛𝑛𝑒𝑙𝑠1
6: conv2: Conv layer from 𝐻_𝑐ℎ𝑎𝑛𝑛𝑒𝑙𝑠1 to 𝐻_𝑐ℎ𝑎𝑛𝑛𝑒𝑙𝑠2
7: conv3: Conv layer from 𝐻_𝑐ℎ𝑎𝑛𝑛𝑒𝑙𝑠2 to 𝐻_𝑐ℎ𝑎𝑛𝑛𝑒𝑙𝑠3
8: conv4: Conv layer from 𝐻_𝑐ℎ𝑎𝑛𝑛𝑒𝑙𝑠3 to 𝑂_𝑐ℎ𝑎𝑛𝑛𝑒𝑙𝑠

9: procedure Forward(𝑥, 𝑒𝑑𝑔𝑒_𝑖𝑛𝑑𝑒𝑥)

10:  𝑥1 ← ReLU(conv1(𝑥, 𝑒𝑑𝑔𝑒_𝑖𝑛𝑑𝑒𝑥))
11:  𝑥2 ← conv2(𝑥1, 𝑒𝑑𝑔𝑒_𝑖𝑛𝑑𝑒𝑥)
12:  𝑥3 ← ReLU(conv3(𝑥2, 𝑒𝑑𝑔𝑒_𝑖𝑛𝑑𝑒𝑥)) + 𝑥1
13:  𝑥4 ← conv4(𝑥3, 𝑒𝑑𝑔𝑒_𝑖𝑛𝑑𝑒𝑥)
14:  return 𝑥4
15: end procedure

Each boundary condition was further combined with two categories 

of external loading, namely point loads (PL) and uniformly distributed 

loads (UDL). The selected load ranges and configurations are representa­

tive of typical roof truss applications. However, the proposed framework 

is not limited to these conditions and can be readily extended to ac­

commodate heavier loads or larger design domains by augmenting the 

dataset used for model training. To reduce computational effort, the 

simply supported configuration was modeled as a half-domain, with a 

pinned support at one bottom corner and roller supports along the op­

posite vertical edge. The design domain length, 𝐿𝑥, was varied between 

1 m and 20 m, while the height, 𝐿𝑦, ranged from 0.32 m to 9.6 m. The 

height-to-length ratios 𝐿𝑦∕𝐿𝑥, were constrained such that they remained 

within the range 0.32 to 0.48, ensuring geometrically reasonable aspect 

ratios for the design domains. Point loads were sampled between 1 kN 

and 10 kN, whereas UDLs ranged from 0.05 kN/m to 10 kN/m. For 

the cantilever case, PLs were applied at the free edge, and UDLs were 

distributed along the top, bottom, and free edges of the domain. In the 

simply supported configuration, PLs were applied at the roller-supported 

edge, while UDLs were distributed along the top or bottom edges, either 

over the full length, half, or quarter of the span. The geometric pa­

rameters and load magnitudes were sampled using the Latin Hypercube 

Sampling (LHS) technique to ensure uniformly distributed but stratified 

coverage of the design space [74]. For each sampled configuration, the 

structural optimization was carried out as detailed in Section 2.

Each optimized structure was encoded into a graph-based representa­

tion comprising node features, connectivity information, and optimized 

cross-sectional areas, as described in Section 3.2. The dataset D of sam­

ple inputs and their corresponding outputs is generated. The complete 

dataset, consisting of 𝑛𝑡 graphs (data points), is constructed as

D =
{

(𝐗(𝑖),𝐀(𝑖)
C ,𝐀(𝑖)

O ) ||
|

𝑖 = 1,… , 𝑛𝑡
}

,

where each tuple represents a graph sample with its corresponding input 

features, connectivity, and optimized output.

3.5 . Model training

This study investigates the performance of 12 GNN models to 

evaluate how different convolution types, data sample sizes, and archi­

tectural complexities influence the predictive capabilities of the model. 

Each model employs one of eight convolutional variants introduced in 

Section 3.1, with the same convolution type applied across all layers of 

a given model. The models are constructed using a shared forward-pass 

configuration described in Algorithm 1, where the four key convolu­

tional layers (𝑐𝑜𝑛𝑣1 through 𝑐𝑜𝑛𝑣4) implement the selected convolution 

type. To evaluate the impact of data volume on model performance, 

three datasets with varying sizes are used: 6000 samples (D1), 12,000 

samples (D2), and 24,000 samples (D3). Alongside this, three levels of 

architectural complexity are examined. These configurations differ only 

in the number of hidden channels per layer while maintaining the same 

overall structure. Architecture A1 uses 36 hidden channels in the first 

and third convolutional layers (𝐻channels,1 and 𝐻channels,3), and 81 in the 

second layer (𝐻channels,2). A2 expands the layer widths to 64, 121, and 64 

channels respectively, and A3 further increases them to 100, 225, and 

100. This experimental setup facilitates a structured comparison, where 

each trained model is uniquely defined by its convolution type, dataset 

size, and architectural configuration.

Hyperparameters of the convolutions play a major role in the pre­

dictive capability of the model [75]. In the study a trial and error 

hyperparameter tuning was conducted and all relevant hyperparameters 

selected are specified as shown in Table 3.

The dataset

D =
{

(𝐗(𝑖),𝐀(𝑖)
C ,𝐀(𝑖)

O ) ||
|

𝑖 = 1,… , 𝑛𝑡
}

→
{

(𝐗(𝑖),𝐄(𝑖),𝐘(𝑖)) ||
|

𝑖 = 1,… , 𝑛𝑡
}

is split into a training set Dtrain and a validation set Dtest using an 80:20 

ratio. The total number of graphs 𝑛𝑡 = 𝑛𝑡𝑟+𝑛𝑡𝑒, where 𝑛𝑡𝑟 is the number of 

training graphs and 𝑛𝑡𝑒 is the number of validation graphs. These datasets 

are structured as pairs of input node features and target adjacency ma­

trices. Specifically, the training set is given by Dtrain = {(𝐗(𝑖)
𝑡𝑟 ,𝐄

(𝑖)
𝑡𝑟 ,𝐘

(𝑖)
𝑡𝑟 ) ∣

𝑖 = 1,… , 𝑛𝑡𝑟}, and the validation set is given by Dtest = {(𝐗(𝑖)
𝑡𝑒 ,𝐄

(𝑖)
𝑡𝑒 ,𝐘

(𝑖)
𝑡𝑒 ) ∣

𝑖 = 1,… , 𝑛𝑡𝑒}. The GNN model 𝑓𝜃(⋅) is trained to predict adjacency matri­

ces representing optimized truss configurations. The model predictions 

are given by 𝐘̂(𝑖)
∗ = 𝑓𝜃

(

𝐗(𝑖)
∗ ,𝐄(𝑖)

∗

)

, where the subscript ∗∈ {𝑡𝑟, 𝑡𝑒} denotes 

either the training or validation (evaluation) phase.

To ensure physical consistency, symmetry is enforced and self-loops 

are removed using a zero-diagonal mask 𝐌zero diag. These operations are 

combined into a single post-processing step:

𝐘̂(𝑖)
∗ ←

(

𝐘̂(𝑖)
∗ + 𝐘̂(𝑖)⊤

∗
2

)

⊙𝐌zero diag.

After a series of trial-and-error experiments, the best-performing 

combination of preprocessing steps is summarized here. Standard 

normalization was applied to each node feature in the set 
{

𝐗(𝑖)
𝑡𝑟

|

|

|

𝑖 = 1,… , 𝑛𝑡𝑟
}

, which led to an improvement in model accu­

racy. This behaviour is consistent with established practice in machine 

learning, since node-level features often span different numerical scales 

and unscaled features can disproportionately influence the learning 

process and normalization is widely recognised as an effective strategy 

for mitigating this issue [76]. The normalization parameters for 𝐗𝑡𝑟
were saved and were used to normalize the 𝐗𝑡𝑒.

The same normalization procedure was initially applied to the output 

adjacency matrices 
{

𝐘(𝑖)
𝑡𝑟

|

|

|

𝑖 = 1,… , 𝑛𝑡𝑟
}

, but this resulted in a reduc­

tion in performance. In these matrices, non-zero entries indicate existing 

structural members, while zero entries indicate the absence of con­

nections. The prediction task is therefore sensitive, as the model must 

determine both the binary topology and the cross-sectional areas of ex­

isting members. Normalization compressed small but non-zero values 

too far towards zero, making it difficult for the GNN to distinguish 

between elements with smaller cross section areas and absent ones. A 

two-stage classification and regression strategy was investigated but did 

not yield satisfactory results. To preserve the topological information 

while scaling non-zero cross-sectional areas, a selective min–max scaling 

approach was adopted. All positive entries of 𝐘 were linearly scaled to a 

predefined range [min,max], while all zero entries were left unchanged. 

This allowed the model to clearly identify the eliminated members in 

the optimized topology. Through iterative tuning, the range 500 to 

2000 provided the best overall performance. The scaling procedure is 
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Table 3 

Hyperparameters for the convolutions imported from PyG.

Model Hyperparameters 𝚯

GENConv aggr = Softmax, t = 1.0, learn_t = False, p = 1.0, learn_p = False, msg_norm = False, learn_msg_scale 

= False, norm = batch, num_layers = 2, expansion = 2, eps = 1× 10−7, bias = True, edge_dim = None

TAGConv K = 3, bias = True, normalize = True

ARMAConv num_stacks = 1, num_layers = 1, act = Relu, shared_weights = False, dropout = 0, bias = True

GATConv concat = False, neg_slope = 0.2, dropout = 0, add_self_loops = True, edge_dim = None, fill_value = 

mean, bias = True, Per-Conv parameters: Conv1 - heads = 2, Conv2 - heads = 4, Conv3 - heads = 5, 

Conv4 - heads = 4

GCNConv improved = False, cached = False, add_self_loops = None, normalize = True, bias = True

CLUSTERConv diag_lambda = 0, add_self_loops = True, bias = True

EGConv aggregators = symnorm, num_bases = 4, cached = False, add_self_loops = True, bias = True, Per-

Conv parameters: Conv1 - num_heads = 6, Conv2 - num_heads = 9, Conv3 - num_heads = 6, Conv4 - 

num_heads = 5

LEConv bias = True

presented in Eq. (11).

𝑦𝑖,𝑘,𝑘′ =

⎧

⎪

⎪

⎨

⎪

⎪

⎩

500 +
𝑦(𝑖)𝑘,𝑘′ − 𝑦min

𝑦max − 𝑦min
⋅ (2000 − 500) if 𝑦(𝑖)𝑘,𝑘′ > 0,

0 if 𝑦(𝑖)𝑘,𝑘′ = 0,

(11)

Here, 𝑦(𝑖)𝑘,𝑘′  denotes the (𝑘, 𝑘′) element of the matrix 𝐘(𝑖), for 𝑖 = 1,… , 𝑛𝑡, 
while 𝑦min and 𝑦max are the minimum and maximum values over all ma­

trix elements of 
{

𝐘(𝑖)
𝑡𝑟 ∣ 𝑖 = 1,… , 𝑛𝑡𝑟

}

. During evaluation in Section 4.2, 

the inverse transformation is applied.

The Asymmetric Mean Squared Error (AMSE), defined in Eq. (12), 

was selected as the error function [77]. Asymmetric loss functions have 

been applied in areas such as engine useful life prediction [78], im­

age processing [79], and bridge pier scour prediction [80]; however, 

asymmetric loss functions have not yet been widely applied to structural 

optimization. This asymmetry penalizes under-predictions more heavily 

than over-predictions, based on the intuition that, from a safety per­

spective, it is preferable to overestimate the cross-section rather than 

underestimate it. A weight factor of 𝑤 = 3 is used to scale the penalty 

for underestimating the cross-sectional area of truss members after an 

iterative tuning process.

The training dataset was partitioned into batches of size 𝐵 = 64, 

ensuring that memory usage remained within GPU limits. To emulate 

training with a larger effective batch size, gradients were accumulated 

over 𝐴 = 4 consecutive batches before performing a parameter update. 

This corresponds to an effective batch size of 𝐴𝐵 = 256, resulting in 

more stable gradient estimates and improved training consistency with­

out exceeding memory constraints. During both training and validation, 

the dataset D∗ (where ∗∈ {𝑡𝑟, 𝑡𝑒}) is processed in batches indexed by 

𝑗 = 1,… ,
⌈

𝑛∗
𝐵

⌉

. The index set corresponding to the 𝑗-th batch is defined 

as I𝑗 =
{

(𝑗 − 1)𝐵 + 1,… ,min(𝑗𝐵, 𝑛∗)
}

, which ensures that all samples 

are covered, including the final batch that may contain fewer than 𝐵
samples. In this formulation, 𝑦̂(𝑖)∗,𝑘,𝑘′  represent the (𝑘, 𝑘′) element of the 

matrix of the predicted output adjacency matrix 𝐘̂(𝑖)
∗ , for 𝑖 ∈ I𝑗  and 𝑦(𝑖)∗,𝑘,𝑘′

is its corresponding ground truth output adjacency matrix 𝐘(𝑖)
∗ . The ∗ is 

𝑡𝑟 in the loss calculation during training and 𝑡𝑒 in the validation stage of 

an epoch. The batch loss is defined as Lbatch

(

{𝐘̂(𝑖)
∗ }𝑖∈I𝑗 , {𝐘

(𝑖)
∗ }𝑖∈I𝑗

)

, and 

computed using AMSE as

Lbatch(𝐘̂∗,𝐘∗) =
1
𝑁2

∑

𝑖∈I𝑗

𝑁
∑

𝑘=1

𝑁
∑

𝑘′=1

⎧

⎪

⎨

⎪

⎩

𝑤
(

𝑦̂(𝑖)∗,𝑘,𝑘′ − 𝑦(𝑖)∗,𝑘,𝑘′
)2

, if 𝑦̂(𝑖)∗,𝑘,𝑘′ < 𝑦(𝑖)∗,𝑘,𝑘′ ,
(

𝑦̂(𝑖)∗,𝑘,𝑘′ − 𝑦(𝑖)∗,𝑘,𝑘′
)2

, otherwise.

(12)

Model training was performed using the Adam optimizer [81]. The 

learning rate 𝜂 is a critical hyperparameter that influences training 

stability, prevents premature convergence, and facilitates effective ex­

ploration of the loss landscape [82]. The learning rates for the models 

were determined separately through an iterative tuning process to en­

sure they were sufficiently small to maintain stability while enabling 

efficient convergence. As a large number of epochs was required to 

achieve low error values, the use of a constant learning rate was found 

to be ineffective. Therefore, a piecewise constant learning rate schedule 

[83] was adopted, allowing controlled reductions in the learning rate at 

predefined stages of training. The specific learning rate schedules used 

are provided in Table 4.

With the learning rate 𝜂 defined, gradients of the batch loss are accu­

mulated over multiple batches to emulate a larger effective batch size. 

Let ∇𝜃Lacc denote the accumulated gradient. For each batch, ∇𝜃Lacc ←
∇𝜃Lacc + ∇𝜃Lbatch.

When the prescribed number of accumulation steps 𝐴 is reached, or 

when all batches in the epoch have been processed, the model parame­

ters are updated. Let 𝑛𝑏 denote the total number of samples contributing 

to the accumulated gradients. The parameter update is then given by 

𝜃 ← 𝜃 − 𝜂 ∇𝜃Lacc
𝑛𝑏

.

After the update, the accumulated gradients are reset to zero before 

continuing the training process.

Table 4 

Learning rate (LR) schedules for different GNN models.

Model (s) Learning rate (𝜂) schedule

GENConv_A1_D2

GENConv_A2_D2

GENConv_A3_D2

GENConv_A2_D1

GENConv_A2_D3

Epochs 0–499: 0.01

Epochs 500–999: 0.005

Epochs 1000–1299: 0.001

Epochs 1300–1699: 0.0005

Epochs 1700–1999: 0.0001

GENConv_A1_D2 Epochs 0–499: 0.01

Epochs 500–999: 0.005

Epochs 1000–1299: 0.001

Epochs 1300–1699: 0.0001

Epochs 1700–1999: 0.00005

TAGConv_A2_D2

EGConv_A2_D2

CLUSTERConv_A2_D2

ARMAConv_A2_D2

LEConv_A2_D2

GCNConv_A2_D2

Epochs 0–1999: 0.01

Epochs 2000–3999: 0.001

GATConv_A2_D2 Epochs 0–1999: 0.001

Epochs 2000–3999: 0.0001
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All GNN computations were performed on CUDA-enabled GPUs, 

which provide significant acceleration for matrix operations and graph 

convolutions through parallel processing [84].

4 . Results and discussion

4.1 . Model training and validation

The loss values presented in Figs. 3–5 correspond to the AMSE de­

fined in Eq. (12), evaluated during training for both the training and 

validation datasets. All models exhibit comparable training and valida­

tion losses throughout the training process, indicating that they do not 

suffer from significant overfitting or underfitting.

4.2 . Model performance evaluation

Visualizing the loss curves across training epochs enables a com­

parative evaluation of different model configurations, including vari­

ations in convolution type, architectural complexity, and dataset size. 

Among the convolution types considered (Fig. 3), GENConv demon­

strates the strongest performance, achieving loss values on the order 

of tens. In contrast, the remaining convolution types exhibit substan­

tially higher errors, often in the range of thousands or greater. Based 

on the final validation loss values, the models can be ranked in in­

creasing order of performance as follows: GCNConv, GATConv, LEConv, 

ARMAConv, CLUSTERConv, EGConv, TAGConv, and GENConv as the 

best-performing architecture. These results indicate that GENConv has 

a superior ability to capture the underlying structural optimization 

patterns present in the dataset.

Focusing on the influence of architectural complexity and dataset 

size on the performance of the GENConv model, Fig. 4 presents the train­

ing and validation loss curves for the A2 architecture trained on datasets 

of varying sizes. The results indicate that increasing the dataset size im­

proves model generalization. However, beyond a certain threshold, the 

improvement becomes less significant, suggesting a saturation effect. 

The impact of architectural complexity is illustrated in Fig. 5, which 

compares three architectures (A1, A2, and A3) trained on a consistent 

dataset of 12,000 samples. As expected, increasing model complexity 

Algorithm 2 Training and validation of the GNN.

1: Input: preprocessed training and test datasets D𝑡𝑟,D𝑡𝑒
2: Hyperparameters: Θ, 𝐵, 𝐴, 𝑒
3: Initialize model parameters 𝜃, optimizer, 𝜂 scheduler

4: for epoch = 1 to 𝑒 do

5:  Set training mode; initialize L𝑡𝑟 = 0 and set 𝑝 = 0
6:  for each training batch B𝑗 ⊂ D𝑡𝑟 do

7:  Predict batch outputs: 𝐘̂𝑡𝑟 ← 𝑓𝜃(𝐗𝑡𝑟,𝐄𝑡𝑟)
8:  Symmetrize and mask: 𝐘̂𝑡𝑟 ←

1
2

(

𝐘̂𝑡𝑟 + 𝐘̂⊤
𝑡𝑟

)

⊙𝐌zero diag

9:  Compute Lbatch and accumulate gradients

10:  𝑝 ← 𝑝 + 1
11:  if 𝑝 = 𝐴 or last batch then

12:  Update 𝜃 using accumulated gradients; clear gradients

13:  set 𝑝 ← 0
14:  end if

15:  L𝑡𝑟 ← L𝑡𝑟 + Lbatch
16:  end for

17:  Normalize and store L𝑡𝑟
18:  Set evaluation mode; initialize L𝑣𝑎𝑙 = 0
19:  for each validation batch B𝑗 ⊂ D𝑡𝑒 do

20:  Predict, symmetrize, and mask batch outputs

21:  Compute validation batch loss Lbatch
22:  L𝑣𝑎𝑙 ← L𝑣𝑎𝑙 + Lbatch
23:  end for

24:  Normalize and store L𝑣𝑎𝑙
25:  Step scheduler

26: end for

leads to lower training and validation losses, demonstrating the benefits 

of a higher number of hidden channels.

Although AMSE plots provide a comparative assessment of model 

performance, additional evaluation metrics are required to comprehen­

sively assess overall predictive accuracy as well as the effectiveness of 

the model in topology and size optimization separately. Accordingly, a 

set of evaluation metrics is selected to capture both the overall prediction 

quality and the distinct performance in topology and size prediction.

To assess overall performance, we use the Normalized Root Mean 

Squared Error (NRMSE) and the coefficient of determination (𝑅2). These 

metrics compare the predicted structural optimization outputs with 

ground truth results and are widely used in related studies. For a sample 

with 𝑁obs observations, ground truth outputs 𝑌obs,𝑖, and corresponding 

predictions 𝑌pred,𝑖, the NRMSE and 𝑅2 are computed as: 

NRMSE =

√

1
𝑁obs

∑𝑁obs
𝑖=1

(

𝑌obs,𝑖 − 𝑌pred,𝑖
)2

𝑌 obs
(13)

𝑅2 = 1 −
∑𝑁obs

𝑖=1
(

𝑌obs,𝑖 − 𝑌pred,𝑖
)2

∑𝑁obs
𝑖=1

(

𝑌obs,𝑖 − 𝑌 obs

)2
(14)

For topology optimization, we employ classification metrics: recall, 

precision, F1 score, and Jaccard similarity index. These evaluate the 

overlap between predicted and actual structural members: 

Recall = 𝑇𝑃
𝑇𝑃 + 𝐹𝑁

(15)

Precision = 𝑇𝑃
𝑇𝑃 + 𝐹𝑃

(16)

F1 Score = 2 ⋅ Precision ⋅ Recall
Precision + Recall

(17)

Jaccard Similarity = 𝑇𝑃
𝑇𝑃 + 𝐹𝑃 + 𝐹𝑁

(18)

Here, TP (true positives), FP (false positives), and FN (false negatives) 

refer to structural members predicted in the topology relative to the 

ground truth. All these metrics range from (−∞, 1), with 1 indicating a 

perfect prediction.

To assess size optimization accuracy (i.e., the predicted cross-

sectional areas) we use the mean absolute percentage error (MAPE) and 

symmetric mean absolute percentage error (SMAPE). MAPE only con­

siders deviations in ground truth members, while SMAPE accounts for 

both ground truth and predicted members:

MAPE = 1
|𝐸gt|

|𝐸gt|
∑

𝑖=1

|

|

|

|

𝐴𝑖 − 𝑃𝑖
𝐴𝑖

|

|

|

|

× 100 (19)

SMAPE = 1
|𝐄gt ∪ 𝐄pred|

|𝐄gt∪𝐄pred|
∑

𝑖=1

|𝑃𝑖 − 𝐴𝑖|

|𝑃𝑖| + |𝐴𝑖|
× 100 (20)

Here, 𝐴𝑖 and 𝑃𝑖 are the actual and predicted cross-sectional areas for 

edge 𝑖, and 𝐄gt, 𝐄pred denote the sets of edges in the ground truth and 

predicted structures, respectively.

The test data points are used to quantify the performance of the 

model. The evaluation metrics introduced are applied to the test data 

after the post-processing stage. Since min-max scaling was used on the 

outputs, a threshold value of 300 was selected, based on a minimum 

scaling reference of 500, as described in the preprocessing steps in 

Section 3.4. This thresholding sets all predicted cross-sectional area val­

ues below 300 to zero, while the remaining values are left unchanged. 

Following this step, the outputs are scaled back to their original range 

which is the inverse of what was done in Eq. (11). Table 5 presents 

the mean values of the evaluation metrics across all models and all test 

Structures 88 (2026) 111934 

8 



N. Ariyasinghe, T. Wickremasinghe, H. Weeratunge et al.

Fig. 3. Training and validation loss curves during the training process of different convolution methods.

Fig. 4. Training and validation loss curves during the training process of the A2 architecture models.

Fig. 5. Training and validation loss curves during the training process of the models using the 12,000 data points sample.
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Table 5 

Mean of the evaluation metrics across all test data points.

NRMSE R2 Precision Recall F1 Score J. Similarity MAPE SMAPE

GCNConv_A2_D2 0.039 0.599 0.6774 0.7338 0.7044 0.5437 43.81 106.23

GATConv_A2_D2 0.034 0.695 0.7389 0.8075 0.7717 0.6283 34.73 87.61

TAGConv_A2_D2 0.017 0.926 0.9148 0.9645 0.9390 0.8849 12.81 32.16

ClusterConv_A2_D2 0.021 0.882 0.8754 0.9427 0.9078 0.8312 16.80 44.29

LEConv_A2_D2 0.031 0.752 0.7859 0.8598 0.8212 0.6966 29.93 74.68

ARMAConv_A2_D2 0.022 0.870 0.9683 0.8573 0.9094 0.8339 21.08 39.80

EGConv_A2_D2 0.021 0.881 0.8811 0.9371 0.9082 0.8319 17.65 44.35

GENConv_A2_D1 0.002 0.9994 0.99999 0.99993 0.99996 0.9999 1.80 1.79

GENConv_A2_D2 0.002 0.9993 0.99980 0.99985 0.99983 0.9997 1.70 1.74

GENConv_A2_D3 0.002 0.9994 0.99984 0.99989 0.99986 0.9997 1.59 1.62

GENConv_A1_D2 0.003 0.9976 0.99919 0.99963 0.99941 0.9988 3.38 3.53

GENConv_A3_D2 0.001 0.9998 0.99996 0.99994 0.99995 0.9999 0.79 0.80

data points. These results provide a clearer understanding of the overall 

model performance, particularly in its ability to perform both topology 

optimization and size optimization. This level of insight was not fully 

apparent from the training and validation curves shown in Section 4.1.

Among the architectures, the models using GENConv convolutions 

significantly outperform all other models. GENConv_A3_D2 achieves 

the best results across nearly all metrics. It reports the lowest mean 

NRMSE (0.001), the highest mean 𝑅2 (0.9998), and F1 Score mean 

(0.99995), along with the lowest mean MAPE (0.79%) and mean SMAPE 

(0.80). These results demonstrate improved performance compared to 

the optimization approach of Zheng et al. [24], where the reported 

𝑅2 values for the predicted outputs are approximately 0.8. Similarly, 

the method in Ariyasinghe et al. [41] reports mean MAPE and SMAPE 

values of around 5% and 10%, respectively. In terms of topology pre­

diction, a high Jaccard similarity of 0.9999 is achieved, compared to 

0.962 reported in Ariyasinghe et al. [41] though a larger dataset of 

24,000 samples was considered. All variants of models using GENConv 

score above 0.9997 in Jaccard Similarity and exhibit less than 2% er­

ror in MAPE and SMAPE. The minor variations among the GENConv 

configurations suggest that the architecture is highly stable and per­

forms consistently well across the settings of the problem at hand. Even 

the lowest-performing GENConv variant, GENConv_A1_D2, surpasses all 

non-GENConv models. It achieves an F1 Score of 0.99941 and SMAPE of

just 3.53.

Among the non-GENConv architectures, TAGConv_A2_D2 emerges 

as the most successful. It reports an NRMSE of 0.017, an 𝑅2 of 0.926, 

and an F1 Score of 0.9390. It also achieves the best Jaccard Similarity 

(0.8849) and the lowest MAPE (12.81%) and SMAPE (32.16) among 

this group. Compared to GCNConv_A2_D2, TAGConv reduces NRMSE by 

more than 56%, improves 𝑅2 by 54.5%, and increases the F1 Score by 

33.3%. ClusterConv_A2_D2 and EGConv_A2_D2 also perform well, with 

𝑅2 scores above 0.88 and F1 Scores above 0.90. ARMAConv_A2_D2 is 

particularly strong in Precision (0.9683), although it has a relatively 

Table 6 

Mean of the evaluation metrics across cases for all test data points.

Case NRMSE R2 Precision Recall F1 Score J. Similarity MAPE SMAPE

1 0.0008 0.9999 1.0000 1.0000 1.0000 1.0000 0.87 0.86

2 0.0009 0.9999 1.0000 1.0000 1.0000 1.0000 0.73 0.74

3 0.0009 0.9999 1.0000 1.0000 1.0000 1.0000 0.75 0.75

4 0.0011 0.9999 1.0000 1.0000 1.0000 1.0000 0.65 0.65

5 0.0011 0.9999 1.0000 1.0000 1.0000 1.0000 0.64 0.64

6 0.0011 0.9999 1.0000 1.0000 1.0000 1.0000 0.81 0.81

7 0.0011 0.9999 1.0000 1.0000 1.0000 1.0000 0.88 0.88

8 0.0022 0.9995 1.0000 0.9996 0.9998 0.9996 0.86 0.90

9 0.0007 0.9999 1.0000 1.0000 1.0000 1.0000 0.74 0.73

10 0.0007 0.9999 1.0000 1.0000 1.0000 1.0000 0.79 0.79

11 0.0009 0.9999 1.0000 1.0000 1.0000 1.0000 0.89 0.88

12 0.0015 0.9995 0.9995 0.9996 0.9996 0.9992 0.92 1.04

lower Recall (0.8573), suggesting a more conservative approach to pos­

itive predictions. ClusterConv and EGConv provide a better balance 

between these metrics. LEConv_A2_D2 shows moderate performance, 

with an F1 Score of 0.8212 and a SMAPE of 74.68, but falls short of 

the top-performing models. GCNConv_A2_D2 records the weakest over­

all performance, with the highest NRMSE (0.039), lowest 𝑅2 (0.599), 

and the highest error rates in both MAPE (43.81%) and SMAPE (106.23).

When compared to the next best performing model after GENConv 

variants, which is the TAGConv_A2_D2, GENConv_A3_D2 reduces 

NRMSE by 94.1% and increases 𝑅2 by approximately 0.37%. Similarly, 

it improves the F1 Score from 0.9390 to 0.99995, representing a relative 

increase of 6.5%. It also reduces MAPE by 93.8% and SMAPE by 97.5%.

An intuitive explanation for the superior performance of GENConv 

is that optimized truss prediction is governed by global load transfer 

and equilibrium rather than purely local geometric relationships. In the 

present problem, the input graph encodes nodal coordinates, external 

loads, and support conditions, while the target is a sparse weighted ad­

jacency matrix representing both member existence and cross-sectional 

area. Therefore, the model must identify which candidate members 

participate in the dominant load paths and which should be suppressed.

Compared with simpler operators, GENConv provides a more expres­

sive message-passing mechanism through learnable message construc­

tion, flexible aggregation, and residual/normalization-based feature 

updates. This makes it better suited to capturing nonlinear interactions 

between geometry, support conditions, and loading, while preserving 

sharp distinctions between active and inactive members. The fact that 

TAGConv, which also incorporates multi-hop neighborhood informa­

tion, is the strongest non-GENConv baseline further supports the view 

that successful prediction of optimized truss configurations requires 

aggregation beyond immediate neighbors. In this context, GENConv ap­

pears particularly effective because it combines broader structural con­

text with adaptive aggregation, leading to more accurate identification 

of load paths and member sizes.

4.3 . Best model case-by-case predictions

To demonstrate the ability of the model to predict optimized struc­

tures, the test results for the GENConv_A3_D2 configuration have been 

selected. The dataset included 12 different scenarios that varied by com­

binations of loading conditions, support configurations, design domain 

sizes, and load magnitudes, as described in Section 3.4.

Based on the mean values of various evaluation metrics (see Table 6), 

the model showed near-perfect prediction performance across nearly 

all scenarios. Precision, recall, F1 score, and Jaccard similarity values 

were consistently equal to 1.0000 in 10 out of the 12 cases, indicating 

complete agreement between predicted and reference topologies. The 

corresponding NRMSE values remained extremely low, and R2 values 

approached 1.0000, reflecting excellent accuracy. Slight deviations were 

observed in cases 8 and 12, where a few test samples resulted in values 

marginally below 1.0000 for recall, F1 score, and Jaccard similarity. In 
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Table 7 

Cantilever trusses: Highest SMAPE (worst) predictions.

case 8, while precision remained perfect, the recall value dropped to 

0.9996, leading to a minor decrease in F1 score and Jaccard similarity. 

Case 12 showed a similar trend, with a precision of 0.9995 and a Jaccard 

similarity of 0.9992.

Table 7 presents the test samples from the cantilever cases that 

recorded the highest SMAPE values. Although these samples represent 

the worst-performing predictions within this specific category, the eval­

uation metrics indicate that the model has still maintained a high level 

of accuracy. Across all six samples, the values for precision, recall, F1 

score, and Jaccard similarity are all equal to 1.0. The R2 values remain 

very close to 1.0, ranging from 0.9952 to 0.9998, suggesting excellent 

agreement between predicted and ground truth.

NRMSE values are also low, with the highest being 0.0097, which re­

flects only a minor deviation in the overall predictions. Although SMAPE 

values for these samples range from 1.20% to 3.12%, the errors are min­

imal and well within acceptable limits for practical applications. The 

highest SMAPE value of 3.12% appears in a case with an R2 of 0.9952 

and perfect classification metrics, which implies that even in less ideal 

conditions, the predicted structures are highly accurate.

Table 8 displays the test samples with the highest SMAPE values for 

the simply supported cases. These represent the least accurate predic­

tions within this category. Among the six samples listed, four exhibit 

perfect values for precision, recall, F1 score, and Jaccard similarity. 

Their R2 values are all above 0.998, and their SMAPE values remain low, 

ranging from 1.77% to 2.36%. These results suggest that in most cases, 

the predicted topologies closely match the ground truth structures.

Two specific samples, however, stand out with relatively higher 

SMAPE values. Case 8 shows a SMAPE of 14.86% and a corresponding 

MAPE of 8.52%, indicating a more noticeable deviation between predic­

tion and ground truth. Although the precision is still 1.0, the recall drops 

to 0.938, which leads to an F1 score of 0.968 and a Jaccard similarity 

of 0.938. The R2 value for this case is 0.9368, which, while still high, is 

lower than the others. Case 12 also shows a similar trend, with a SMAPE 

of 14.39% and slightly reduced classification metrics. The precision in 

this case is 0.949, and the Jaccard similarity is 0.933. Despite these 

two outliers, the remaining samples show excellent agreement with the 

ground truth. Since these represent the worst-performing cases, the re­

maining predictions in the simply supported category demonstrate even 

closer alignment with the ground truth structures.

4.4 . Computational cost savings

Table 9 presents a comparison of the computational efficiency of the 

proposed GNN models relative to the ground truth optimization frame­

work developed by Zegard and Paulino [1]. The average runtime of 
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Table 8 

Simply supported trusses: Highest SMAPE (worst) predictions.

Table 9 

Comparison of inference time and speed-up of GNN models relative to the ground truth optimiza­

tion framework.

Model Avg Time (ms) Speedup Model Avg Time (ms) Speedup

GCNConv_A2_D2 1.11 44.4 ARMAConv_A2_D2 1.02 48.3

GATConv_A2_D2 2.75 17.9 EGConv_A2_D2 0.75 65.7

TAGConv_A2_D2 2.16 22.8 GCNConv_A1_D2 1.63 30.2

ClusterConv_A2_D2 1.03 47.8 GCNConv_A2_D2 1.87 26.4

LEConv_A2_D2 1.28 38.5 GCNConv_A3_D2 2.35 21.0

the ground truth framework was measured as 49.28 ms on a system 

equipped with an AMD Ryzen 7 5800H processor (8 cores, 16 threads, 

base clock 3.2 GHz) and 16 GB of RAM. The GNN models were exe­

cuted on the same system using GPU-accelerated computations with an 

NVIDIA GeForce GTX 1650 featuring 4 GB of dedicated VRAM, enabled 

via CUDA-supported drivers. The speedup factor is defined as the ratio of 

the runtime of the ground truth framework to that of the GNN model. As 

shown in Table 9, all GNN models achieve substantial reductions in com­

putational time. Among them, the EGConv_A2_D2 model achieves the 

highest speed-up of 65.7. The GCNConv_A3_D2 model, which demon­

strated the best predictive performance, achieves a speed-up factor of 

21.0.

5 . Conclusions

This study introduced a Graph Neural Network (GNN)-based sur­

rogate approach for real-time structural optimization of truss systems, 

addressing both topology and size optimizations. A comprehensive 

set of evaluation metrics was used to assess performance, including 

regression-based, classification-based, and percentage error-based in­

dicators. Among various convolution types tested, Generalised Graph 

Convolution (GENConv) consistently delivered the highest accuracy 

across all metrics. The GENConv_A3_D2 configuration achieved the low­

est NRMSE and percentage errors, and near-perfect scores in precision, 

recall, F1 score, and Jaccard similarity, confirming its effectiveness in 
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predicting both the optimal member layout and their cross-sectional ar­

eas. This was followed by the Topology Adaptive Graph Convolution 

(TAGConv). This shows that prediction capability in the optimization 

tasks is enhanced by using a more expressive message-passing mech­

anism through learnable message construction, flexible aggregation, 

and residual/normalization-based feature updates which GENConv and 

TAGConv utilize in the convolutions.

Further analysis showed that increasing architectural complexity 

and dataset size leads to improvements in training and validation 

performance, although returns begin to diminish beyond a certain 

point. Evaluations across twelve different loading and support scenarios 

demonstrated consistent accuracy, with only minor deviations observed 

in a few cases. Even the worst predictions maintained close agreement 

with the ground truth, and most test cases achieved perfect classification 

scores. The results highlight the potential of this GNN-based approach 

to replace conventional optimization routines, offering a fast, scalable, 

and accurate alternative. Though the predictions provide ideal topo­

logical and low error size predictions for most cases, there could be 

some predictions where the recall is not ideal, and this would violate 

equilibrium, which is an issue that persists in ML surrogates where pre­

dictions are not always accurate. However, the better the results in 

model evaluations, the lower the probability that this occurs. In this 

context, a post-processing filtering step could be added similar to steps 

used in Refs. [85,86], which would lead to a fallback to the physics-based 

ground truth optimization.

Regarding future adaptations of this framework, different types of 

optimization problems with additional constraints, such as buckling 

[5,87], reliability [88], and natural frequency constraints [89], are out­

lined. In addition, the current framework could be extended to 3D 

systems, where the main difference would lie in the graph representa­

tion of the truss structure (Section 3.2). In such cases, the feature vector 

would be adapted to the new coordinate system, resulting in 𝐗 ∈ R𝑁×9, 

along with additional nodes to ensure sufficient coverage of the design 

domain.
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