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ABSTRACT

Nonlinear analyses possess tremendous significance throughout the entire lifespans of civil structures. In
recent years, the interest in leveraging deep learning (DL) to address the efficiency limitations of the tra-
ditional structural analysis methods has increased. However, full-range nonlinear analyses of different
structures remain underresearched because of a lack of appropriate data representations and the failure
to consider both internal structural information and external load conditions. A heterogeneous graph
(HetG) representation scheme that can digitalize arbitrary structural systems with high fidelity is pro-
posed in this study. Furthermore, a composite feature learning framework is developed to enable efficient
full-range nonlinear analyses. This framework comprises two main components: (D a heterogeneous
graph neural network (GNN)-based module that encodes static features into embeddings with full struc-
tural semantics and @ a sequence-to-sequence (Seq2Seq) module that predicts history-dependent
responses using structural embeddings and external stimuli in an end-to-end manner. A computational
model named structural analysis based on a graph neural network-nonlinear (StructGNN-N) is imple-
mented based on the proposed methodology and is validated through numerical experiments involving
real-world concrete structures. The results show that StructGNN-N successfully reproduces the full-range
nonlinear responses of all nodes in the entire structure and exhibits excellent generalizability across
structures with diverse topological designs and member configurations. Notably, the developed model
achieves a computational efficiency level that is 1000 times greater than that of the traditional elastoplas-
tic history analysis approach using the finite-element (FE) method. A parametric analysis and ablation
studies demonstrate the effectiveness of the StructGNN-N architecture. Due to its superior accuracy
and computational efficiency, the proposed method holds great potential for use in engineering applica-
tions, especially in the context of digital twins. This approach provides an inspiring path for simulating
diverse engineering structures with accurate and comprehensive mechanical information in real time.
© 2025 THE AUTHORS. Published by Elsevier LTD on behalf of Chinese Academy of Engineering and
Higher Education Press Limited Company. This is an open access article under the CC BY-NC-ND license
(http://creativecommons.org/licenses/by-nc-nd/4.0/).

1. Introduction

ing physical structures to their digitalized representations [1,2].
The conventional methods, which are primarily based on the

Nonlinear structural analyses form a fundamental aspect of
structural engineering throughout the entire lifespan of a struc-
ture, from elastoplastic time history analysis during the design
phase to reliability estimation of damaged structures during main-
tenance. This technique plays a pivotal role in evaluating the safety
and functionality of buildings and infrastructures while also link-

* Corresponding author.
E-mail address: chwang@tsinghua.edu.cn (C. Wang).

https://doi.org/10.1016/j.eng.2025.07.001

finite-element (FE) framework, face challenges such as high mod-
eling complexity, low computational efficiency, and convergence
issues [3]. These limitations make the traditional methods
increasingly inadequate for modern engineering applications [4],
especially within the digital twin context [5], which demands
real-time updates and simulations.

In recent years, the structural analysis technique leveraging
new-generation artificial intelligence (Al), represented by deep
learning (DL) [6-8], has gained significant attention due to its
extraordinary performance [4], greatly reducing the required
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analysis time while maintaining superior accuracy. Furthermore, Al-
based structural analyses exhibit impressive adaptability, enabling a
single well-trained model to handle diverse scenarios without
repetitive model construction processes [4,9]. Notably, with the evo-
lution of the Al for Science (Al4S) paradigm, DL models can effi-
ciently uncover the intrinsic physical properties within complex
mechanical problems, even when the underlying mechanisms are
unclear [10,11]. These strengths have motivated numerous scholars
to integrate DL into nonlinear structural analysis methods.

The current research can be categorized into two levels: analy-
ses of individual structural components and analyses of structural
systems. At the structural component level, Tao et al. [12]
employed deep neural networks (DNNs) for the constitutive mod-
eling of composites, achieving considerable accuracy and demon-
strating the effectiveness of neural networks in mechanical
analysis scenarios. Rahman et al. [13] compared various machine
learning models for estimating the shear strength of steel-fiber
reinforced concrete (RC) beams and suggested suitable formations
for structural engineers. Abambres and Lantsoght [14] built a
neural network to predict the shear capacities of one-way slabs
under concentrated loads, demonstrating its powerful ability to
simulate complex mechanical behaviors. Feng et al. [15] used a
data-driven approach to train models for predicting the plastic
hinge lengths of RC columns, achieving significantly higher predic-
tion accuracy than that of the state-of-the-art empirical
relationship-based methods. To conduct structural system analy-
ses, Huang et al. [16] developed a DL-based model for predicting
the seismic responses of a subway station, demonstrating that DL
methods can be used in basic nonlinear analyses. Ning et al. [17]
combined long short-term memory (LSTM), convolutional neural
networks (CNNs), and WaveNet to analyze the seismic responses
of a steel building frame and bridge structures; this was a success-
ful attempt to integrate the characteristics of DL methods with
nonlinear analyses of structural systems. However, the applicabil-
ity of this technique is relatively restricted to simplified structural
systems because of the limitations of the underlying data scheme.
Zhou et al. [18] employed a physics-informed DL model for pre-
dicting the real-time responses of a high-rise building and
achieved high accuracy by incorporating physical information into
the model. Fei et al. [19] proposed a data-driven prediction method
for evaluating shear wall structures, which were simplified to mul-
tiple degrees of freedom (MDOF) systems.

Despite these substantial research advancements, a significant
gap remains between academic studies and the practical applica-
tion of the state-of-the-art Al models for analyzing real engineering
structures. The primary limitation is the inability of such models to
compute full-range responses for an entire structure. The current
methodologies predominantly focus on surrogate modeling, typi-
cally predicting specific mechanical indices at limited points of
interest, such as the displacement history of the top floor of a
building [4]. In contrast, the classic FE method can obtain the holis-
tic mechanical fields of structures. This limitation stems from the
lack of appropriate data schemes that are capable of digitalizing
arbitrary structural systems with high fidelity. Notably, system-
level analysis studies lag behind component-level analysis studies
because of their intricate nature, which is characterized by diverse
spatial topologies and complex component configurations. Con-
ventional linear data structures (e.g., vectors, sequences, and grids)
fall short in terms of capturing the comprehensive features of engi-
neering structures. Consequently, the existing models either
address a specific structural system without structural information
[18] or oversimplify regular structures into finite features, thereby
failing to provide global mechanistic response predictions for the
entire target structure. In previous research [20], the authors pro-
posed a physics-informed graph neural network (GNN) for elastic
structural analyses, which introduced graph data—a type of non-
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Euclidean data structure—to parameterize frame structures. This
innovation could be extended to represent arbitrary structural sys-
tems. However, the proposed model was unable to process nonlin-
ear stimuli and was restricted to linear elasticity. A full-range
nonlinear analysis of a structural system necessitates a methodol-
ogy that considers both the inherent features of the underlying
structure and the complete time history of the associated external
loading cases.

To address the aforementioned gap, a heterogeneous graph
(HetG) learning-based computational model, structural analysis
based on a graph neural network-nonlinear (StructGNN-N), is pro-
posed in this study to conduct full-range nonlinear analyses of
structural systems. The structure of this study is as follows. Sec-
tion 2 presents a universal graph data representation scheme for
structural systems and elucidates the corresponding computa-
tional framework. Section 3 presents the methodology. Section 4
details the implementation of the proposed methodology, includ-
ing a GNN-transformer model and a novel strategy for alleviating
the data requirements of training. Section 5 validates the model,
while Section 6 discusses the results of an ablation study and
explores potential applications involving digital twins. Finally, Sec-
tion 7 concludes our research.

2. Related work

Heterogeneous graph neural networks (HGNNSs). Research on
HGNNs has gained significant traction over the past decade
because of their effectiveness in managing HetG data [21,22].
Unlike traditional methods that encode information derived from
uniform nodes and edge types, HetG learning techniques have
been designed to preserve the relational diversity present in real-
world data, encompassing various entities and connections. For
example, Hu et al. [23] proposed heterogeneous graph transformer
(HGT) and employed an attention mechanism to facilitate message
passing among different types of nodes. Mo et al. [24] introduced a
novel framework, heterogeneous edge-enhanced graph attention
network (HEAT), that effectively models the heterogeneous
dynamics and interactions of multiagent data using directed
edge-feature graphs and adaptive map selection. To mitigate the
performance degradation that occurs in deeper HGNNs, metapaths
have been incorporated into models to connect distant nodes, lead-
ing to improved models such as HGNN-attribute enhancement and
structure-aware attention (AESA) [25] and metapath context
convolution-based heterogeneous graph (MECCH) [26]. The versa-
tility of HGNNs has led to their widespread application in areas
such as social networks and recommendation systems. Cai et al.
[27] utilized a HetG encoder network, heterogeneous graph con-
trastive learning (HGCL), for learning the representations of users
and microvideos, along with a type-crossing objective function
that integrates embeddings from diverse node types. Another
HGCL framework presented by Chen et al. [28] enhances the adap-
tive contrastive learning process conducted between user-item
interactions and auxiliary heterogeneous relational views, thereby
more effectively capturing diverse user preferences and item char-
acteristics. Ma et al. [29] designed heterogeneous generative pre-
trained transformer (HetGPT), which introduces a multiview
neighborhood aggregation mechanism to capture the complex
neighborhood structures that are inherent in HetGs and improves
applications involving complex patterns such as online classifica-
tion and social recommendation. The research and applications
related to HGNNs inspire the foundational framework presented
in this paper, which seeks to integrate an approach for managing
different types of nodes into the representation learning processes
of structural systems, thereby enabling the heterogeneous compo-
nents within these systems to be more accurately modeled.
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GNN-based mechanical analysis. In recent years, intuitive
methods involving graph data and GNNs, which represent physics
problems with node and edge configurations, have been applied in
the field of solid mechanics, including metamaterials and compos-
ite materials [30]. Black and Najafi [31] employed a multifidelity
GNN as a supervised framework for solving two-dimensional
(2D) elastoplastic problems concerning metamaterials. Li et al.
[32] proposed a machine learning approach based on a GNN to
simulate the dynamic responses of copper bars and demonstrated
the general applicability of their GNN in structural response pre-
diction tasks. Xue et al. [33] designed a graph-based network to
solve dynamic problems related to mechanical metamaterials;
their approach can incorporate defects and spatial inhomo-
geneities. Yacouti and Shakiba [34] combined a CNN and a GNN
to predict the mechanical fields contained in composite
microstructures and discussed the advantages of each network
component. Hendriks et al. [35] designed a similarity-equivariant
GNN for the homogenization of metamaterials, which innovatively
introduces physical symmetries to predict mechanical properties.
Further studies involving GNN applications have addressed various
problems, including mesh-based simulations of continuums [36],
dominant failure mode searches for structures [37], and dynamic
response predictions for continuous deformable bodies [38], offer-
ing new perspectives regarding structural mechanics. Inspired by
the related studies and the similarities between structural systems
and graph data, the previous research published by the authors in
Ref. [20] was among the first works to propose the use of homoge-
nous GNNs for representing and computationally analyzing struc-
tural systems, and effectively addressed elastic analyses of frame
structures. Zhang et al. [39,40] represented architectural and struc-
tural layouts using graph data and developed a computational and
optimization framework for RC systems by integrating GNNs and
generative adversarial networks (GANs). Following the same
scheme, Zhao et al. [41] discussed the possibility of extracting
topological information from the layouts of shear wall systems,
and Fei et al. [42] improved the computational efficiency achieved
in the design and construction stages with knowledge-enhanced
GNNs. In addition, Zhang et al. [43] used a specifically tailored
GNN with adaptive capabilities to conduct seismic safety assess-
ments across various scenarios involving coupled train-bridge sys-
tems. These studies have preliminarily demonstrated the potential
of GNNs for simulating the elastic behaviors of structural systems
via message passing mechanisms; however, few studies have
focused on elastoplastic analyses, which are pervasive in engineer-
ing applications. Furthermore, the existing studies have typically
concentrated on a single structural system or a specific category,
simplifying the internal entities to a single type and overlooking
the mechanical differences among various component types. As a
result, the employed models are predominantly homogenous
GNNs. To produce more accurate representations of general struc-
tural systems composed of multiple entity types, it is necessary to
incorporate an HetG for data representation and computation
purposes.

3. Methodology
3.1. Graph representations of arbitrary structural systems

Before delving into DL modeling, it is crucial to establish high-
fidelity representation schemes for diverse structural systems on
the data side. Our previous research [20] laid the groundwork by
transforming bar systems, such as frame structures with beams
and columns, into graph data structures [44,45] (Fig. 1(a)), thus
effectively mapping joints to nodes and structural bars to edges.
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However, many engineering structures encompass plate and shell
components, such as shear wall buildings and nuclear contain-
ments. To accommodate this broader spectrum of scenarios, we
propose a novel approach using HetGs [22] representations for
arbitrary structural systems.

In the new scheme, different structural components and joints
(i.e., the intersections of components) correspond to different types
of nodes. The features of the structural components and joints (e.g.,
their section geometries, material properties, and joint coordi-
nates), which are denoted as static features [46], are organized
within the node features. Since the descriptions of different struc-
tural components vary, a node in the HetG can carry heterogeneous
content. Furthermore, the connectivity among distinct graph nodes
inherently represents the topological relationships contained
within the structural system.

Mathematically, considering a structural system comprising Mo
structural joints and k types of structural components (each with
corresponding counts of My, My, ..., My). The node feature (v;) of
a node i that belongs to a certain type of node is as follows:

, id:) 1)

where d; denotes the feature dimensionality of node i. The topology
of the structural system is represented by an adjacent matrix (A)
with a size of N x N (N is the total number of nodes):

Vi = (vaiz-,---

i1 412 ain
a1 dx aan
A- N =M, 2)
k
an1  Qng ann

where each element a;; denotes the connectivity between nodes i
and j. If a; = 1, then the nodes i and j are connected. Notably, A is
symmetric.

On this basis, we can digitalize any structure system using an
HetG:

G={V,EA Y} 3)

where G is the graph data, V is the set of nodes, and E is the set of
edges; each node belongs to a set of nodes with the same category
. Conversely, given reasonable HetG data, we can uniquely deter-
mine the corresponding structural system. In this manner, a bijec-
tive mapping relationship between an arbitrary structural system
and the HetG is established.

A simplified frame-shear wall structure is taken as an example
(Fig. 1(b)). Its HetG representation encompasses 30 nodes catego-
rized into six types, with four columns, eight beams, two braces,
two shear walls, two slabs, and 12 joints (including four column
feet). Each node type is visually differentiated using distinct colors.
Moreover, assuming that the node features include joint coordi-
nates, employing the breadth-first search algorithm facilitates a
straightforward process of reconstructing the initial structure.

Building upon the new scheme, we propose the following DL
modeling pipeline (Fig. 2) to address the problem of full-range
nonlinear structural analyses. Utilizing the HetG representation,
an HGNN framework is employed to encode the static features of
each component within the structural system, serving as structural
embeddings. The input stimulus sequences, denoted as dynamic
features [46,47], are subsequently integrated with the structural
embeddings and channeled through a sequence processing net-
work to generate full-range responses.

3.2. Structural embedding with an HGNN

The raw features of a structural system are recorded in the HetG
representation but are not suitable for direct computation because
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Fig. 1. Schematic examples of structural systems and their homogenous HetG representations. (a) A schematic example of a structural system and its homogenous graph
representations, where the numbers denote the joint nodes; (b) a schematic example of a structural system and its HetG representations.
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Fig. 2. Model pipeline. Seq2Seq: sequence-to-sequence. NRD: normalized displacement.

the features of distinct structural components are isolated and GNNs belong to a category of DL models that are designed to
topological information is not integrated. To learn the collaborative capture the nonlinear relationships embedded in graph data [44].
mechanism used by the structural components within the system, Following the methodology introduced in Ref. [20], the learning
the HGNN is utilized for processing various types of graph nodes. process of the HGNN can adopt the message passing mechanism:
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where T, is an operator that is used to map different types of

nodes to a common latent space; M?, g, and ¢/ are the learnable
functions denoting the node message interconnection, aggregation,
and update operations in the Ith layer, respectively; »; is the node

feature of the node j; m,?j’) is the message from nodes j to i in the

Ith layer; h{" and A"" are the state information and aggregated infor-
mation of the node i in the Ith layer, respectively; h{' " and k"
represent the state information of nodes i and j in the (I — 1)th layer,
respectively. Through the iterative message passing scheme, the
HGNN can fuse topological and structural component configuration
information into the node representations, yielding structural
embeddings with rich mechanistic semantics.

3.3. Structural response generation

The primary objective of the full-range nonlinear analysis pro-
cess is to predict response sequences under various loading proto-
cols. In principle, a time series-based DL model can address tasks
involving sequence data [48,49]. However, classic computational
mechanics reveal a pronounced history-dependent effect in struc-
tural nonlinear analysis scenarios, necessitating intricate evolution
rules to formulate hysteretic behaviors. For example, steel plate
shear walls, which are some of the most common laterally resis-
tant components in engineering structures, exhibit significant cyc-
lic hardening and breathing effects [47]. Consequently, distinct
loading paths can yield various energy dissipation performances
[50].

To accommodate the demand for history-dependent sequential
prediction, the sequence-to-sequence (Seq2Seq) [51] architecture
integrated with an attention mechanism [52] (Fig. S1 in Appendix
A) is recommended. The Seq2Seq architecture consists of an enco-
der module and a decoder module. The encoder converts the load-
ing path into dense tensors, which are referred to as contexts. The
decoder autoregressively generates future responses using the his-
torical responses and the derived contexts. The integration of the
attention mechanism can significantly augment the ability of the
constructed model to extract global historical information, thus
mitigating the memory decay issue that is inherent in conventional
recurrent neural networks. In addition, to fuse the information
gleaned from the HGNN, the structural embeddings are concate-
nated with excitations at every time step. The mathematical for-
mulation of the dynamic feature processor is as follows:

C; = fenc(-A(sigr-, sigr) . Venc(sigr)), T= 17 27 .- ~7T (8)
wl = P (A(Fict, Fice) Vaee(Fice)), T= 1,2, ..., T (9)
U = oS (A(Ficr, Sict) - Vaec(Ficeo1)), T=1,2, ..., T (10)
rr= Four@ || U 7=1,2, ..., T (11)

where s, r, and u represent the stimulus sequence, the structural
response sequence, and the processed sequence in the middle layer,
respectively; T denotes the current time step during the prediction
process (T steps in total); si.; denotes the stimulus information
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from start to current t; r, represents the structural responses at
time step T and ri.,_; denotes the structural responses from start
to the last time step 7 — 1; ¢, represents the contexts acquired from
the encoder at time step 7; u$f and u<™ represent the processed
information at time step t from self-/cross-attention layer, respec-
tively. Furthermore, A signifies the attention operator that utilizes
a query tensor and a key tensor; Fene, F5&, and F$° signify feed-

dec? dec
forward neural networks (FNN) of the encoder/decoder in self-/
cross-attention mechanisms, respectively; the value functions Vepc
and Vg are the multilayer perceptrons (MLPs) that transform
inputs into a form with proper dimensions in the encoder and deco-
der, respectively; Fo is the output layer, and (-||-) denotes the ten-
sor concatenation operation.

The fusion of the HGNN embedding model with the response
generation module forms an end-to-end data-driven framework
for predicting the full-range responses of structural systems. This
framework operates on HetG representations, effectively digitizing
diverse structural systems and comprehensively accommodating
both intrinsic structural configurations and random external
excitations.

4. Implementation

Following the proposed pipeline, we implement a computa-
tional model called StructGNN-N. An illustration of the model is
shown in Fig. 3. More details are explained below.

4.1. HGIN: Heterogeneous graph isomorphism network

In a structural system, many joints share identical local topolog-
ical structures but exhibit different mechanical behaviors during
the analysis process. To capture the topological information con-
tained in a graph and differentiate between various node features
[20], a graph isomorphism network (GIN) is established [53]. This
network uses MLPs to approximate the functions M, G, and U
based on the theory of the graph isomorphism problem, ensuring
the injectiveness of feature mapping during the message passing
process. Furthermore, we introduce the joint representation learn-
ing paradigm [54] to combine heterogeneous node types as well as
features to form a common latent space, as shown in Fig. 3(a).
Specifically, additional MLP layers with sum pooling are employed
to accommodate the various dimensions of nodes, enabling the
integration of heterogeneous information derived from neighbor-
hoods. Therefore, we construct a modified GIN model named a
heterogeneous GIN (HGIN):

h = MLP)((1 + €?) - MLP{'v; +Z%:l MLP(V?)VJ-) (12)

hY = MLPY (1 + €)-h"™V + ST RV, 1> 1

a;=1

(13)

where € is a learnable parameter for adjusting the weight of the
node feature v; (if €® = 0, the weight of the information derived
from v; is the same as that of its neighbor node); MLPE,’; and MLP(V’J,)
are the MLP layers for the corresponding node i and node j in the
Ith layer. For different types of nodes, different MLP layers are
trained to aggregate information and enable the unification of the
various dimensions of the initial node embeddings in the hidden
layers.

4.2. Mechformer: A transformer for mechanical computations

For the dynamic feature module, we introduce the mechanical
transformer (Mechformer) model (Fig. 3(b)) proposed by the
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Fig. 3. Illustrations of the HGIN module and StructGNN-N model. (a) Joint representation learning in the HGIN. The state information h; is computed from of neighborhood
state information hj, by, and hy; Flysc, Fiyser and Fysc are the messaging (MSG) FNNs using different MLP layers (MLP;, MLP,, and MLP3); Facg is the aggregating (AGG) FNN.
(b) The architecture of the StructGNN-N. L is the sequence length; GRU refers to the gated recurrent unit and FAVOR+ is the positive orthogonal random feature algorithm.

authors in Ref. [46] (Fig. S2 in Appendix A). The Mechformer was
derived from the transformer architecture [52] and belongs to
the Seq2Seq model family.

To extract the essential information from a sequence, a multi-
head attention mechanism can discover the correlation between
any two positions within the sequence. In the vanilla transformer
[32], the attention results obtained for the query (Q), key (K),
and value (V) tensors are calculated as follows:

QK"

A(Q,K,V) = softmax <—) -V,0(L%d)

NG (14)

However, the temporal and spatial costs O(Ld) are proportional
to the square of the sequence length L and the model dimension d,
which imposes a high memory demand, especially with the <s, r>
sequences in nonlinear analyses involving large L values. To
achieve improved efficiency, the fast attention via FAVOR+ algo-
rithm [55] is employed in the Mechformer model to replace the
standard attention module (Fig. S3 in Appendix A). By approximat-
ing the nonlinear softmax activation function in Eq. (14) with a lin-
ear combination calculated by the kernel function, the complexity
level is reduced to O(Lmd):
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softmax (‘%) ~ QK" = ¢(Q)p(K)" (15)
AQ.K,V) ~ QK"V,0(Lmd) (16)

where ¢: R? — R™ is a random feature mapping kernel function; m
denotes the hidden dimensionality and m < L. Q' and K’ are the
mapped query and key in the hidden dimension. Furthermore, con-
sidering the causality observed in structural analyses, the future
information contained in the sequences is masked using the prefix
summation algorithm, which corresponds to computing the lower-
triangular part of the attention matrix.

To integrate the structural information h; derived from the
HGIN with the jth input stimulus sequence §' of the Mechformer,
the structural embeddings of node i are first replicated to match
the sequence length L of §/, obtaining replicated embeddings H;:

H; = (h;, h;,... . h;) (17)
L
Then, they are concatenated with §’:
i ; s s sl
H = (¢,|h) =1t 2 L 18
= (k) [hi N n,l (18)

where H{ denotes the concatenated information of node i and the

stimulus sequence §'; s', s}, ..., s/ represent the information of s/
corresponding to the step 1, 2, ..., L.

4.3. Masked response training strategy

We employ a data-driven inference paradigm, training the
model based on the nonlinear response sequences of structural
systems subjected to different input stimulus sequences. Specifi-
cally, for a given structural system with N nodes, the structural

responses are denoted as {r’] r’N} where ¢ is the structural

1

response sequence corresponding to node i produced for the input
stimuli §’. The dataset for this structural system can be represented
as shown below:

{H,sﬁr’i,...,r’}ﬂie{1,2,....,1(}} (19)
where K denotes the total number of stimulus sequences (e.g., var-
ious seismic waves). In practice, experimental data for structural
systems are extremely scarce, whereas generating data using an
FE analysis is a computationally intensive procedure. Consequently,
fully exploiting the information derived from existing data is highly
important. To augment the data utilization process, we propose a
masked response training strategy.

The data of a structural system is split into N groups, each in the
form of <structural node embedding, node stimulus sequence,
node response sequence>:

{hs.rlic{1,2, . N}y, je{1,2,... K}} (20)

Asubset of the nodes (size = n) is selected for the training set (TR):

TR:{hi,s",rﬂieTRn, je{LZ,...,K}} (1)

TR, = {i1,is,....0n} € {1,2,....N}, n<N (22)

where TR, denotes the subset of the selected nodes.
The remaining nodes are used as the validation/test set (TE):

TE = {h,»,sf,rﬂi €{1,2,...,N\TR,, j € {1,2,...,1<}} (23)

Typically, the number of nodes N is significantly larger than the
number of structural system samples. Inspired by this observation,
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we break the structural-level data down into node-level data to
facilitate the comprehensive extraction of the implicit mechanisms
within the data, thereby significantly enlarging the trainable data
size and alleviating the data scarcity burden. Additionally, by par-
titioning partial nodes (and their connectivity) as the training set,
our strategy enables the prediction of the whole system from local
inputs. This provides a new solution for smart virtual sensing [56].

Programmatically, we design a masking technique to unify the
computation process. The mask M™ is a matrix with dimensions
of n x N that performs multiplication for random sampling tasks:

"f:l My My ... my [ #
r e My My ... Moy | | ¥ ,m,«j:{]’j,:,l"
. : 0, j#iy,
rén My Mz ... M ]| 1
(24)
where iy, i, .. ., i are the selected indexes, which correspond to the

selected nodes iy, iy, ..., in; rﬁu is the vector of ¥ (the jth structural
response sequence) corresponding to index i,, m; is an element in
M™ (i=1,..,N;j=1,..., N), and each row of M} is a unit vector.
By modifying the mask matrix, we can determine the size and dis-
tribution of the training set. The mask matrix M™® is also applied to

the structural embedding H:

H, My My ... myy [ B
H{Z — M™H — M1 Mz ... Moy le mi.:{L]':in
‘ c L0,
I-i{fn My Myz ... My ] | HE,
(25)

where H{: represents the concatenated information of node i (i = 1,
.. N) and the stimulus sequence §, and H,, H, ..., H, are the
concatenated information of the selected nodes iy, iy ... i
respectively.

ln,

5. Validation
5.1. Data preparation

5.1.1. Basic information of the structural system

For demonstration purposes, a real-world 9-floor office building
is chosen. As shown in Fig. 4, this building is an L-shaped RC struc-
ture with an outline of 52.8 m (length) x 43.2 m (width). The
height of each floor ranges from 4.8 to 5.4 m.

The first three natural frequencies of the structure are 0.97,
1.55, and 2.19. The main structural components include RC col-
umns, slabs, and beams. The sections of these components vary
in their sizes and reinforcement ratios. The corresponding graph
data representation contains 4303 nodes of four types and 6948
edges. Some of the node features of the joints and the beam com-
ponents are listed in Tables 1 and 2.

5.1.2. Data preparation for stimulus and response sequences

We aim to train a model that can conduct a nonlinear analysis
on a structural system subjected to seismic waves. The stimulus
sequences are the ground acceleration records of different earth-
quakes, which act upon the structure in the horizontal direction.
Many ground motion records are sampled from the Pacific Earth-
quake Engineering Research (PEER) database [57], and a total of
70 records that match the structural frequency characteristics of
the target building are selected, covering a relatively wide range
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A numerical model of the structure is established using the fiber

beam model [58,59] to obtain <s, > sequence pairs. The time inter-

of seismic parameters. A portion of the ground motion records is

shown in Table 3.

52800

1400 4%°

0 2700,

6600 6600

6600

| 3000 |2200| 3600 I

| 3300 | 3300 |2400| 3600 |2200| 3000

[ - O
LJﬂ. - m
| | — |
\\~ \\\r
E q
N/ ae
,\\ \ \\ \4
= -— » § \\..Q\\é\\\\/ Q\P
n o |
AAVAVAW
” - | .muwaw"wwmw
m . o
Iy B | w w |
| W o ¥ ] ] ] H
q ﬂ ﬂ q i | i |
V“OONL 000¢€ oovvﬁov 000¢€ _OONN_ 009¢ _oommmnooom oovvﬂov__ 000¢ ﬂoommv_‘oomm_ 000¢€ Muovv—ﬁov_m 000¢€ _OONN“A
0oz ey

(a)

12416
$8@100

4422

$8@100/200

8@100/200
"e 2¢16

2¢18

$8@100

2418

®l 2¢14

2¢22

009

o 2914

052

500

2¢20

500

00§

250

3¢18

Column 2

Column 1

250

Beam 2

Beam 1

(b)

Fig. 4. Illustration of the example structural system (unit: mm). (a) Three-dimensional (3D) view and plan layout of the example structural system; (b) dimensions of the

main structural component sections.
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Table 1
Some of the node features of joints.

Feature Unit Detail

— Identifier (ID) of a node

mm X coordinate of the node position relative to node 0

Y coordinate of the node position relative to node 0

mm Z coordinate of the node position relative to node 0 (the
height of a node relative to the ground)

NS X =
2
3

floor; — The floor in the system to which the node belongs
Table 2
Some of the node features of the beam components.

Feature Unit Detail

i,j — IDs of nodes connected by a beam

(dx, dy, — Unit vectors denoting the directions of the different

dz) components in the space

Lbeam mm The valid length of the beam

h mm The valid height of a section of the beam

b mm The valid width of a section of the beam

P gmm~ The equivalent density of the beam when the load

(including the slab on the beam) is transformed into the

self-weight of the component. For a concrete component

with no load, p = 2.5

The ratio of the area of steel reinforcement bars in the x

direction to the total section area

Ty - The ratio of the area of steel reinforcement bars in the y
direction to the total section area

fe MPa The designed compressive strength of the concrete

fi MPa The designed tensile strength of the concrete

Ecu — The ultimate compressive strain of the concrete

E. MPa The designed elasticity modulus for the concrete

fy MPa The yield strength of the steel reinforcement bars

fu MPa The ultimate strength of the steel reinforcement steel
bars

E MPa The designed elasticity modulus of the steel

reinforcement bars

val is set as 0.02 s, ensuring that the sequence lengths range from
1000 to 2500. The simulation of each ground motion record in the
FE analysis takes approximately 1 to 3 h. The time series of the dis-
placement of each node is extracted to form a dataset. Fifty pairs of
<s, r> sequences are randomly selected for training, 10 pairs are
used for validation, and the rest are employed for testing. The com-
puting length of the model is set to 2048. Therefore, sequences
with shorter lengths are padded with the end values at their tails,
while the longer sequences are truncated. The data generation pro-
cess runs on 10 computers in parallel and requires approximately
64 h of computations.

5.2. Model configuration

A three-layer HGIN is employed for StructGNN-N. The hidden
dimensions of the HGIN and the Mechformer module are 32. The
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dimension of the kernel function employed in FAVOR+ is 64. The
encoder and decoder modules in the Mechformer have three
blocks. A two-head attention mechanism is employed, with a hid-
den size of 128 in the linear layer. Layer normalization [60] is
added. In total, the model has 102 093 parameters.

For optimization purposes, we use the adaptive moment esti-
mation (Adam) [61] optimizer with an initial learning rate of
0.005. The model is trained for 1000 epochs, and the learning rate
decays 50% after every 20% of the training epochs. The mean
squared error (MSE) loss is employed to measure the training
results:

Loss = mean (|| Rprea — Riabel,) (26)

where Rpreq and Ryane represent the results predicted by the model
and the labeled results used for reference, respectively, and ||-]|, is
the L2 norm. For validation and testing, the loss is transformed into
a relative accuracy term (Accu):

HRpred - ,Rlabelnz)l/2
Ruabetll, + 4

where # is a small value that is used to avoid division by zero.

The initial graph data are directly fed into the HGIN module.
After concatenating them with the training stimulus sequences,
the combined features of 256 nodes are randomly chosen as a
batch using a random mask matrix M™}, thus modeling the shuf-
fling process of minibatch training. The model is trained on the
PyTorch [62,63] platform using an American NVIDIA RTX 4080
graphics processing unit (GPU) with 16 GB of memory. The training
and validation processes employed for the demonstrated structural
system require approximately 3 h.

Accu =1 — ( (27)

5.3. Model performance

The trained model achieves a relative accuracy level of 97.5% on
the test dataset. The predictions produced under different seismic
waves are compared with the results of the FE analysis, as illus-
trated in Fig. 5, where R refers to the result displacement, NRD
refers to the normalized displacement Rygp relative to the ground
displacement R¢p:

~ R-TRop
Rueo = max(abs(Rep)) (28)
NGD refers to the normalized ground displacement Rygp:

_ Rep
Rep = max(abs(Rcp)) (29)

StructGNN-N is able to predict the full-range displacement
sequences with considerable accuracy and successfully distin-
guishes between different positions rather than producing isolated
results. The model exhibits excellent generalizability across

Table 3

Parameters of selected ground motion records from the PEER database.
Earthquake Year Monitoring station Richter scale Veszo (m-s™1) PGA (g) MSE
“Imperial Valley-02” 1940 “El Centro Array #9” 6.95 213.44 0.281 0.020
“Imperial Valley-06" 1979 “El Centro Array #8” 6.53 206.08 0.610 0.028
“Northridge-01" 1994 “Pacific Palisades-Sunset” 6.69 191.06 0.460 0.050
“Northern Calif-03” 1954 “Ferndale City Hall” 6.50 219.31 0.163 0.050
“Loma Prieta” 1989 “Gilroy Array #4” 6.93 221.78 0.419 0.041

Vs30: average shear wave velocity in the top 30 m; PGA: peak ground acceleration; MSE: mean squared error.
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various seismic waves, enabling the identification of potential
weak points using comprehensive response information rather
than relying on several static mechanical indices. Additionally,
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the relative lateral displacement and interstory drift values at the
peak points are extracted and compared with the results acquired
from the FE models. As shown in Fig. 6, the results computed by
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Fig. 5. Comparison between the full-range results of the StructGNN-N and FE models. (a) Distribution of the selected positions in the structural system; (b) input stimulus

sequence: RSN38_1; (c) input stimulus sequence: RSN570_1.
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Fig. 6. Comparison between the lateral displacement and story drift values of the StructGNN-N and FE models. (a) Input stimulus sequence: RSN38_1; (b) input stimulus

sequence: RSN570_1.

StructGNN-N closely align with those of the FE analysis. The Mech-
former module captures the cyclic loading characteristics in the
seismic analysis task, accurately delineating different loading and
unloading phases. While minor discrepancies appear during the
initial and final stages of the seismic time history analysis, within
the range of the smaller structural response amplitudes, at critical
peak points that potentially lead to structural failures, such as the
maximum interstory drift, the model predicts responses with
greater accuracy. This is attributed to the attention mechanism,
which, through extensive data training, focuses more on the histor-
ical influences of the peak values.

Overall, the numerical experiment validates the effectiveness of
the StructGNN-N model in terms of reproducing history-
dependent hysteresis loops as well as its excellent ability to cap-
ture structural characteristics. Notably, the trained model takes
several seconds to predict responses for the whole structure, sig-
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nificantly improving upon the temporal efficiency of the traditional
FE methods.

5.4. Structural generalization

For generalization purposes, the StructGNN-N model is trained
on a dataset including 942 real-world engineering projects to pre-
dict seismic responses across different structures subjected to var-
ious ground accelerations. Owing to computational resource and
time limitations, 10 ground motion records are selected from the
PEER dataset for each structural system. The lateral displacements
and interstory drifts at the point with the maximum structural
response are extracted and compared with the FE analysis results,
achieving an average accuracy of 95.4%. The representative test
cases are detailed below.
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Fig. 7. Analysis results obtained for Case 1. (a) Plan view of Case 1: 1st-2nd floors (unit: mm); (b) plan view of Case 1: 3rd-8th floors (unit: mm); (c) input stimulus sequence:
RSN167_1.

(1) Case 1: a structure with a regular plan layout. Case 1 ear analysis is conducted under seismic loading conditions,
involves an eight-story RC structure with a regular and sym- yielding accurate lateral displacement and interstory drift
metrical plan layout, as depicted in Fig. 7. A full-range nonlin- predictions.
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Fig. 8. Analysis results obtained for Case 2. (a) Plan view of Case 2 (unit: mm); (b) input stimulus sequence: RSN9_2.

The computational results shown in Fig. 8 accurately capture the
asymmetry and demonstrate the maximum lateral displacement
and story drift of the structure.

(2) Case 2: a structure with an irregular plan layout. Case 2
features a four-story RC structure characterized by an asymmetri-
cal and irregular layout, thus diverging from the training dataset.
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6. Discussions
6.1. Parameter analysis

The StructGNN-N model can infer information about an entire
structural system on the basis of data acquired from selected
points within the structure. A critical issue is determining how
many selected points are adequate for predicting the responses
of the entire structure. Answering this question also inspires us
to strategically place measurement devices at the optimal posi-
tions to obtain the mechanical responses at these locations and
employ StructGNN-N to assess its overall structural performance.
In practical engineering applications, economic considerations
and technical limitations often restrict the numbers and locations
of sensors. StructGNN-N can be trained on a subset of data derived
from these limited points and then applied to predict responses at
other locations where direct measurements are not available,
aligning with the concept of virtual sensing [56].

To address this issue, we investigate the effects of the selection
and distribution of the training dataset consisting of n nodes on the
resulting model performance. Various percentages of training data
(unmasking ratio: n/N) and different selection approaches, which

O Unmasked (training)

Engineering 59 (2026) 320-336

correspond to different settings for the measurement instruments,
are considered. M RD: The training samples are randomly dis-
tributed in the graph, corresponding to randomly placed measure-
ment instruments within the structural system. @ UD: The
training samples are uniformly distributed in the graph, corre-
sponding to placing the measurement instruments within the
structural system by following a specific pattern. @ CL: The sam-
ples are concentrated in the lower part of the structural system.
@ CU: The samples are concentrated in the upper part of the struc-
tural system. In accordance with the corresponding selection
approaches, different masks are applied to the node embeddings,
as shown in Fig. 9(a).

The experiment is carried out on models with different config-
urations: S32 is the StructGNN-N model described in the previous
section, and S16 and S64 are lighter and heavier versions, respec-
tively, with different hidden dimensions. The total numbers of
parameters required for these models are 26 493, 102 093, and
400 749. To ensure a fair comparison, all the models are fully
trained for 1000 epochs and tested on the same dataset while using
Eq. (27) as the metric. The results are presented in Fig. 9. The RD
and UD strategies yield similar results with the same model config-
uration, which aligns with our intuition when the structural

{2 Masked (unknown)
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Fig. 9. Comparison among the prediction accuracies of models S16, S32, and S64 with different masking strategies. (a) Different masks applied to the node embeddings;

(b) Model S16; (c) Model S32; (d) Model S64.

333


move_f0045

L. Song, C. Wang and J. Fan

system is sufficiently large. The key difference between the two
strategies is that the RD strategy results in greater variability,
whereas the UD strategy generally results in an upward trend in
performance as the unmasking ratio increases. On the other hand,
the CL and CU strategies yield less accurate results in general. The
performance of these methods significantly improves as the
unmasking ratio increases, but increasing the proportion of
selected positions to over 50% is often impractical in real-world
applications. Notably, even with only a 10%-20% unmasking ratio
(which is often the case in engineering applications), the RD and
UD strategies can achieve approximately 90% accuracy, which is

Table 4
Comparison among the prediction accuracies achieved with different model
configurations.

Module combination Accuracy (%)

DNN + GRU 81.4
DNN + Transformer 87.9
DNN + Mechformer 88.3
CNN + GRU 72.5
CNN + Transformer 79.4
CNN + Mechformer 78.7
GRU + GRU 75.1
GRU + Transformer 83.4
GRU + Mechformer 84.2
HGIN + GRU 83.6
HGIN + Transformer 923
HGIN + Mechformer 94.2

Engineering 59 (2026) 320-336

sufficient for obtaining a reasonable assessment of a structural
system.

6.2. Ablation study

StructGNN-N is composed of two main parts: an HGIN for
encoding structural information and the Mechformer module for
sequence processing. In this section, we carry out an ablation study
on these two components.

To encode the structural information, we adopt a DNN, a 2D
CNN [64], and a vanilla gated recurrent unit (GRU) [65] for compar-
ison purposes. The node features contained in the graph data of the
examined structural systems are modified to adapt to the input
(Fig. S4 in Appendix A). For sequence processing, we compare the
Mechformer with the GRU and the vanilla transformer [52]. The
unmasking ratio is 20%, and the same RD strategy is applied. All
the models are trained for 1000 epochs and tested on the same
dataset. The results are shown in Table 4.

Table 4 shows that StructGNN-N (HGIN + Mechformer) yields the
optimal results, and the Mechformer achieves the highest accuracy
in most combinations with different encoding modules. The results
reveal that the encoding process of structural information is crucial
for predicting the nonlinear responses of structural systems. The
DNN encodes the features of each component individually and com-
pletely neglects their relationships, which limits its ability to gener-
alize to the test dataset. The CNN encodes the features of each
component and its “adjacent” neighbors in a grid setting [66].

Virtual model

4 h]
Fuasc=MLP, Selected data
Fisa T MLP, 2 h for processing
O Fse

Fiisc=MLR,

Trained StructGNN-N

Real structure

concerning the structure of a nuclear containment shell.

Virtual entity using 3D reconstruction

(@)

Von Mises stress (MPa)

- 40
— I E
e e 20
10

Smart virtual sensing

(b)
Fig. 10. Illustration of the StructGNN-N application related to smart virtual sensing in digital twins. (a) Application procedure of StructGNN-N for a digital twin; (b) case study
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However, real-world structural systems are typically too complex to
be arranged in a grid format, and the “adjacent” neighbors in the grid
may not be adjacent to the actual structure of interest. Additionally,
determining the optimal kernel size and stride of the convolution is
challenging. The GRU module processes the features of each compo-
nent in sequential order, resulting in variable outcomes each time
and lower efficiency than that of the other modules. In contrast,
the HGIN module fully utilizes the physical connections among
the different components of structural systems, and the Mechformer
is better adapted to mechanical computations than the vanilla trans-
former is, thereby attaining the highest accuracy.

6.3. Potential applications

We have demonstrated the effectiveness of StructGNN-N for
conducting nonlinear analyses on structural systems. The training
and evaluation processes of StructGNN-N align with the task of
building digital twins of structural systems in engineering applica-
tions [67].

To construct a digital twin, information about different compo-
nents within the target structural system is collected throughout
the entire life cycle of the structure via the virtual sensing technique.
This physical information, including mechanical responses induced
during the service life, is critically associated with safety assess-
ments [68,69]. As shown in Fig. 10, a virtual model is updated to
reflect the corresponding real entity on the basis of the collected
information, and adjustments are made to manage the physical
entity according to the discoveries made by the virtual model. This
process dynamically maintains the circular flow of data between
the virtual model and the physical entity. Owing to its powerful sim-
ulation capabilities, the fully trained StructGNN-N approach can be
integrated into the digital twin paradigm with conventional simula-
tion platforms to process real-world mechanical data and quickly
obtain nonlinear analysis results. Furthermore, even when limited
data is acquired from the target structural system, which is often
the case since collecting comprehensive information is a time-
consuming and costly process during the service period, the fully
trained StructGNN-N model can provide a timely and reasonable
assessment of the entire structure for decision-making process.

7. Conclusions

In this paper, a novel method based on HetG DL is proposed to
address the task of efficiently conducting nonlinear analyses on
structural systems. The model trained based on the proposed
method can be applied to different structures with diverse designs
and predict the full-range history-dependent responses of these
structure. The main contributions of this study are summarized
as follows.

(1) We design a universal graph representation scheme for
structural systems. HetG data comprehensively integrate informa-
tion about different components within the target structural sys-
tem and characterize the connectivity relationships among them.

(2) We propose a composite feature learning method to realize
end-to-end nonlinear analyses of structural systems. An HGNN is
introduced for encoding the internal structural information, and
the Seq2Seq framework is recommended for predicting history-
dependent full-range nonlinear responses.

(3) We implement HGIN and Mechformer models based on the
proposed method, forming a structural computational model
named StructGNN-N. This model distinguishes between nodes
with similar local topologies and extracts the global historical
dependencies underlying <s, > sequences with linear complexity.

(4) We design a masked response-based training strategy for
StructGNN-N. By masking the information of part of the target
structural system, this from-part-to-whole paradigm enables sig-
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nificant data augmentations, greatly mitigating the data scarcity
issue at the structural system level.

(5) Numerical experiments validate the effectiveness of the pro-
posed method. The StructGNN-N model successfully generalizes to
different seismic stimuli and structures, efficiently predicting the
nonlinear response histories at all points within the structures.

(6) A parameter analysis and an ablation study demonstrate the
validity of the architectural design of StructGNN-N. Its perfor-
mance showcases its great potential for use in the context of digital
twins, providing an inspiring path for simulating diverse engineer-
ing structures with accurate and comprehensive mechanical infor-
mation in real time.
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