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Abstract

Solid-web steel-reinforced concrete (SRC) columns are widely utilised in building structures.
Currently, the design of complex cross-sectional columns (CCSCs) primarily relies on finite-
element models (FEM) or empirical formulas. Both routes, however, carry penalties:
empirical and semi-empirical models lack accuracy and flexibility for arbitrary cross-
sections, whereas finite-element simulation of such geometries demands considerable
modelling effort and is inefficient. This study introduces a CCSC design framework
that directly predicts the mechanical performance of columns based on cross-sections.
It employs the displacement—force relationship as a constraint to inversely design cross-
sectional forms that can meet specified demands. The framework learns the conditional
distribution of cross-sectional forms for given mechanical properties, enabling a reversible,
one-to-many geometry-to-performance mapping. Consequently, this work can simplify
and accelerate the design of structural components with complex target performances.
Results show that the Vision Transformer (ViT) reduces the mean squared error (MSE)
by 62.72% relative to ResNet18 (mean absolute percentage error (MAPE) 12.95% versus
30.20%). In the inverse design, generated sections attain a root mean square error (RMSE)
of 5.99 kN, and the diffusion exponential-integrator sampler (DEIS) reaches the target in
10 steps, about 1% of the 1000 denoising diffusion probabilistic model (DDPM) steps, while
preserving accuracy.

Keywords: data-driven; deep learning; diffusion model; seismic resistance; nonlinear
response; steel-reinforced concrete (SRC); complex cross-sectional columns (CCSCs);
inverse design

1. Introduction

Earthquakes, as one of the most severe natural disasters, have repeatedly caused
significant economic loss and human casualties throughout human history [1-3]. Post-
disaster assessments reveal that the collapse and failure of numerous building structures
are primary contributors to both the immediate and subsequent losses incurred during
and after an earthquake. The seismic performance of these structures is often below the
intended design objectives, compounded by a lack of adequate seismic redundancy. These
factors collectively exacerbate the severity of earthquake-induced damages [4-6]. Under the
influence of strong seismic forces, the ductility of a structure is fundamental in preventing
brittle shear failure of the structure and its components. Ensuring the ductility and load-
bearing capacity of columns is a prerequisite for avoiding structural collapse. As the
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primary elements responsible for withstanding and transferring seismic forces, columns
are of paramount importance in the seismic design process [7-9].

Reinforced concrete (RC) columns subjected to strong ground motion exhibit a limited
but recurring set of damage patterns, including flexural cracking and spalling of the
cover concrete in the plastic hinge regions, inclined shear cracking in short columns,
crushing of the core concrete, and buckling of the longitudinal reinforcement followed by
fracture [10,11]. These patterns show that the deformation capacity of a column is governed
by the combined action of flexure and shear, and that the ductility and the load-bearing
capacity of the columns determine whether the surrounding structure is able to avoid
collapse. Conventional RC columns, however, provide only a limited deformation capacity
once the cover concrete has spalled, so that a comparatively large cross-section is required
in order to satisfy a given combination of axial and seismic demands [12]. Solid-web
SRC columns overcome this limitation by embedding a solid steel section in the concrete:
the embedded steel and the concrete act compositely, so that the load-bearing capacity,
the ductility and the energy dissipation are improved, the cross-sectional dimensions
can be reduced, and the steel is protected against corrosion and fire by the surrounding
concrete [12-17]. The design of such columns is nevertheless governed by fundamental
requirements, including a minimum steel ratio, sufficient stirrup confinement of the core
concrete, an adequate thickness of the concrete encasement and the local stability of the
embedded steel section, all of which must be verified for each cross-sectional form [12]. It
is this verification burden, together with the scarcity of efficient design tools, that motivates
the present study.

In recent years, experimental research on SRC components has predominantly focused
on their axial load capacity [18-23] and seismic performance under cyclic lateral loads [24-28].
Liu et al. [18] introduced an L-shaped SRC column, conducting axial compression tests to
investigate the vertical failure modes of composite columns by varying parameters such
as the steel area ratio, concrete material, and stirrup spacing. Meng et al. [21] conducted
axial compression tests on T-shaped SRC columns. The test results indicated that the
composite columns exhibit better composite action when the concrete strength is relatively
low and the internal steel strength is high. Mostafa et al. [24] investigated the low-cycle
cyclic performance of lightweight concrete columns with various steel shapes. The study
demonstrated that SRC columns exhibit excellent seismic performance, with X-shaped steel
columns showing greater ductility and load-bearing capacity compared to cross-shaped
section columns.

In addition to experimental research, a recent emerging trend is the application of various
machine learning methods to study the seismic performance of columns [29-37]. Shturmin
et al. [35] employed various machine learning algorithms to predict the residual deforma-
tion of concrete-filled steel tubular columns under large deformations, then established
relationships between the post-earthquake residual deformation of the columns and vari-
ous design parameters. Ma et al. [33] developed machine learning models that accurately
capture the shear failure mechanism of RC columns. Based on the models, an importance
analysis of various features was performed to elucidate the influence of design parameters
on shear capacity. Although the aforementioned studies employed data-driven approaches
for analysing columns, most focused on predicting mechanical performance, typically
targeting simple indicators such as load capacity or residual deformation, rather than the
entire loading process. Given the complexity of the internal steel components in SRC
columns, manual feature extraction is impractical, necessitating the use of deep learning
models based on visual methods. Recent studies have continued this trend. Wen et al. [10]
combined data-driven models to classify the failure modes and to predict the shear capacity
of circular RC columns; Sun et al. [38] predicted the skeleton curves of seismically dam-
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aged RC columns from a finite-element database; Fan et al. [11] proposed an interpretable
ensemble framework for the multi-index seismic assessment of columns; and Ni et al. [39]
and Wu et al. [40] reproduced complete hysteresis curves using deep time-series models
and physics-guided generative models, respectively.

In recent years, with the advancement of artificial intelligence (Al)-generated content
(AIGC), Al has become capable of producing large volumes of content in a short period.
Common generative models in AIGC include variational autoencoders (VAE) [41], gener-
ative adversarial networks (GAN) [42], and diffusion models [43-45]. The development
of diffusion models, in particular, has led to significant breakthroughs in the inverse de-
sign of microstructures [46—48]. Unlike other inverse-design methods, this study targets
macroscopic components such as SRC columns, with the objective of obtaining the com-
plete displacement—force relationship rather than individual performance indicators. This
research aims to address the complexities involved in both the mechanical performance
validation of columns and the finite-element modelling (FEM) during the design phase,
facilitating the rapid design of structural components in building construction. Generative
models have subsequently been applied to structural design: diffusion models have been
used to generate shear-wall layouts [49] and to solve inverse structural design problems for
continuous beams [50], and conditional diffusion models have been used to obtain material
distributions with prescribed nonlinear mechanical behaviour [51]. The same difficulty and
the same modelling effort are encountered in the verification of the mechanical performance
of CCSCs [10,38-40]. Accordingly, this study has three objectives: (i) to establish a dataset
of CCSCs whose cross-sectional forms are arbitrary and whose mechanical responses are
physically computed; (ii) to develop a deep learning model that predicts the complete
hysteretic performance of a column directly from its cross-section; and (iii) to develop a
generative inverse-design model that produces cross-sectional forms satisfying prescribed
mechanical-performance demands. The study differs from existing work in two respects.
First, the design is targeted at the complete hysteretic response over the full loading history
rather than at a single mechanical indicator: the mechanical performance is predicted di-
rectly from the cross-sectional form as a complete displacement—force relationship, instead
of through parameterised scalar indicators. Second, the cross-section is obtained by the
end-to-end direct generation of the cross-sectional image from the prescribed performance
rather than by generating the modelling parameters of a predefined geometry: the inverse
problem is solved by the conditional generation of the cross-section rather than by an
iterative search over a parameter space, and the sampling cost is compressed to 10 steps
by the DEIS, which brings inverse design within the range of efficiency that engineering
use requires.

2. Mechanical Performance Prediction and Design of CCSCs
2.1. Problem Statement

There are currently no mature and efficient methods for the design of arbitrary complex
cross-sectional columns (CCSCs) in structural design practice. Due to the complexity of
columns with arbitrary cross-sections, traditional methods for calculating the mechanical
performance of concrete columns are often empirical or semi-empirical models, which
tend to produce results with poor accuracy and flexibility. The experimental and finite-
element studies reviewed in Section 1 bear this out: the response of columns is obtained
from dedicated test programmes or detailed numerical models rather than from empirical
formulas [10,11,38—40]. As a result, design and performance verification frequently rely
on finite-element simulations, which face challenges such as modelling difficulty and low
computational efficiency for CCSCs. Therefore, it is particularly crucial to develop rapid
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prediction algorithms for the mechanical performance and cross-sectional design models of
such components.

2.2. Research Framework

Samples of columns with arbitrary complex cross-sections are extremely scarce. This
research aims to investigate the relationship between cross-sectional forms and mechanical
performance, and to develop machine learning models that predict performance from a
given cross-section. Subsequently, the study seeks to develop inverse-design methods that
derive cross-sections from specific performance demands. Both processes necessitate a
substantial amount of machine learning training data, and the overall workflow of the
study is summarised in Figure 1.
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Figure 1. The proposed workflow for mechanical property prediction and design of CCSCs.

The research methodology comprises four steps. In step 1 the MNIST-Section dataset is
constructed by mapping hand-drawn digit images onto fibre sections (Figure 1a; the dataset
and the numerical model are detailed in Section 2.3). In step 2 a deep learning model based
on the Vision Transformer (ViT) is trained to map a given cross-section to its complete
displacement—force relationship (Figure 1b). In step 3 the trained network is compared
with a ResNet18 baseline and is transferred to more complex cross-sections (Section 4).
In step 4 a conditional denoising diffusion probabilistic model (DDPM), guided by a
mechanical-performance feature matrix, is trained to generate cross-sectional forms that
satisfy a prescribed mechanical-performance target, and efficient samplers are evaluated in
order to reduce the number of sampling steps (Figure 1c).

2.3. Materials and Methods

The member considered in this study is a solid-web steel-reinforced concrete (SRC)
column, in which a solid-web steel section is embedded at the centre of a reinforced concrete
cross-section. The cross-section is 400 mm x 400 mm and the height is 750 mm; the concrete
is grade C30, with a compressive strength of 29.39 MPa and a tensile strength of 2.8 MPa; the
steel, comprising both the embedded section and the longitudinal reinforcement, has a yield
strength of 235 MPa; and the axial load ratio is 0.3. These values correspond to the material
grades and load levels commonly adopted for solid-web SRC columns in engineering
practice and are consistent with the Chinese code for the design of concrete structures
(GB 50010) [52]. The construction detail of the cross-section is shown in Figure 2a. All
the results reported in this study are obtained by numerical simulation. The numerical
model is first validated against a published cyclic loading test on a reinforced concrete
column [53] and is then applied to the cross-sectional forms considered here: the geometry
of the reference member described above is taken from the construction drawings, while
the sections of the dataset are generated by the mapping procedure described in the
following paragraph.
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Figure 2. The solid-web SRC column: (a) cross-section detail; (b—e) mapping of the digits 0, 1, 4 and 7
onto the fibre cross-section (red: steel fibres; grey: concrete fibres).

The initial data of the study are provided by the MNIST-Section dataset. Handwritten
digits from the Modified National Institute of Standards and Technology (MNIST) database,
which contains digits written by 250 different individuals (60,000 training and 10,000 test
samples), were first binarised and then expanded to 40 x 40 pixels, and each pixel was
mapped onto a 10 mm x 10 mm fibre of the 400 mm x 400 mm beam-column cross-
section, so that the strokes of the digit represent the embedded steel and the remaining area
represents the concrete. In this way 70,000 CCSC models were generated and analysed in
OpenSeesPy 3.8.0 under low-cycle reversed loading. Schematic examples of this mapping
are given in Figure 2b—e. The dataset was selected because the strokes of handwritten digits
produce cross-sectional forms whose steel distribution is arbitrary, non-repetitive and yet
mechanically meaningful, and because sections of this kind are almost absent from existing
experimental databases of SRC columns.

The extent to which the MNIST-Section dataset represents the behaviour of real SRC
columns is worth clarifying. Its purpose is to span a wide and diverse range of geometric
forms rather than to reproduce the frequency with which particular section types occur in
practice. More importantly, the mechanical response of every sample is not synthesised
statistically but computed by the experimentally validated numerical model [53] described
below: each hysteretic curve in the dataset is obtained from a fibre beam-column model
with realistic material constitutive laws, so that the cross-sectional forms are synthetic while
the mechanical responses are physical. The deliberate inclusion of a very large number of
irregular and complex sections forces the deep learning model to go beyond the empirical
memorisation of regular sections and to learn the high-dimensional mapping between the
spatial distribution of the constituent materials and the macroscopic mechanical response,
which is also why the model can subsequently be transferred to symmetric or regular
sections with high predictive accuracy. The high-fidelity reference model is thus the core
guarantee of the engineering representativeness of the whole dataset. Finally, because the
digit strokes impose a certain morphological bias, the diversity of the generated sections
is partly constrained; the dataset is therefore best suited to verifying the feasibility of the
proposed method and to studying the form-performance relationship.

In the numerical model the bond behaviour between the embedded steel, the rein-
forcement and the surrounding concrete is not introduced through a separate discrete
bond-slip element. In principle the interface could be resolved by placing zero-length
bond-slip springs along the steel-concrete boundary, but this route was not followed here
for three reasons. First, the cross-sectional topology of the members considered in this
study is extremely complex and geometrically random, and the boundary of the embedded
steel is defined by a pixelated edge that is discrete and continuously varying; representing
such a boundary by a large number of independent zero-length springs would make its
geometric definition ill-conditioned, and the automated generation of a discrete interface-
spring topology would in practice be unattainable. Second, the number of interface springs
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required for each section would grow rapidly with the complexity of the topology, so that
the computational cost of generating and analysing 70,000 sections would expand to a
prohibitive level. Third, an interface model of this kind would be far more difficult to
calibrate against the limited experimental data that are available. The bond-slip effect is
therefore represented at the macroscopic level of the fibre section, through the equivalent
representation of the interface by the built-in constitutive parameters of the material models,
so that the numerical singularities that mesh generation along an irregular steel boundary
would introduce are avoided and so that the resulting hysteretic response reproduces
the pinching that is associated with bond-slip at large displacements. Under low-cycle
reversed loading, the macroscopic pinching of solid-web SRC columns originates mainly
from the opening and closing of cracks in the core concrete and from the progressive
yielding of the embedded steel under repeated tension and compression, and these are
precisely the mechanisms that the cyclic constitutive laws adopted for the two materials
reproduce. For the concrete, the law accounts for the opening and closing of cracks, for
the tension-softening response, and for the abrupt change and the subsequent recovery
of stiffness when the load is reversed from tension to compression. For the embedded
steel, the law reproduces both the Bauschinger effect and the isotropic strain hardening
that develop under low-cycle reversed loading. The deep coupling of these two advanced
constitutive laws at the fibre-section level enables the overall macroscopic response of the
member to reproduce the severe nonlinear degradation that a microscopic interface slip
would otherwise induce, while greatly improving the computational efficiency of the large
sample set.

The modelling strategy adopted in the present study was verified before the dataset
was generated, by re-analysing in OpenSeesPy a benchmark cyclic loading test on a re-
inforced concrete column. The specimen is one of the key columns of the pseudo-static
collapse test and numerical simulation competition on reinforced concrete frame structures
organised by the Collapse Prevention Committee of the Architectural Society of China
and coordinated by the research group of Prof. Xinzheng Lu at Tsinghua University; the
geometry, the material properties and the measured response of the specimen, together
with the numerical results submitted by all competition participants, were released publicly
by the organisers at http://www.luxinzheng.net for the use of researchers and engineers,
and the test is documented in [54,55] and in the English-language calibration study of
Xie et al. [53]. The concrete was represented by the Concrete02 constitutive model, with
a peak compressive strength of 29.39 MPa for the core concrete, 24.49 MPa for the cover
concrete and a tensile strength of 2.8 MPa, so that both the compressive envelope and the
tension-softening response of the concrete were reproduced. The steel was represented
by the Steel02 constitutive model, with a yield strength of 582 MPa and an initial elastic
modulus of 289,850 MPa. The cross-section was discretised into a fibre section, and a
displacement-based fibre beam-column element (dispBeamColumn) was adopted; five
elements were placed along the column height, and eight Gauss—-Lobatto integration points
were used in each element so that the development of the plastic hinge could be captured.
A P-Delta geometric transformation was applied to account for the second-order effects at
large deformation, and the analysis was carried out with the Krylov-Newton algorithm
under displacement-controlled loading. The parameters of this verification model should
not be confused with those used to generate the dataset described above: the steel and
the cover concrete were matched to the benchmark specimen, whereas the dataset was
generated with a normal-strength steel of 235 MPa and a constant axial load ratio of 0.3, so
that the core-concrete compressive strength (29.39 MPa) and the tensile strength (2.8 MPa)
are the only values shared by the two models.
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The measured and the computed hysteresis curves are compared in Figure 3. The sim-
ulated response reproduces the initial stiffness, the pinching of the hysteresis loops and the
strength deterioration at large drift; the peak load in the two loading directions differs from
the measured value by approximately 17% and 4%, respectively. The verification specimen
is a 200 mm X 200 mm reinforced concrete column, whereas the members investigated
in this paper are 400 mm x 400 mm solid-web SRC columns. The comparison therefore
verifies the modelling strategy and the constitutive parameters adopted in OpenSeesPy,
rather than the response of the SRC columns themselves.

Displacement (mm)
—-60 -40 -20 0 20 40 60
50 T T T T T ™ T =T T T L T
L| ¢ Experimental result
40H ® OpenSeesPy result

20F

Force (kN)

10 -8 -6 -4 -2 0 2 4 6 8 10
Drift (%)

Figure 3. Verification of the numerical model: measured versus computed hysteresis curves of a
benchmark reinforced concrete column from the pseudo-static collapse test and numerical simulation
competition organised by the Collapse Prevention Committee of the Architectural Society of China
and coordinated by Prof. Xinzheng Lu’s group at Tsinghua University [54,55]; the specimen data
and the numerical results of the competition are publicly available at http://www.luxinzheng.net.
The computed curve is obtained from the fibre beam-column model described in Section 2.3, and the
measured curve is redrawn by the authors from the publicly released test data [53]; no figure from
the original publications has been reproduced.

For clarity, the symbols used in the following sections are summarised here: £a denotes
the ratio of the steel area to the total cross-sectional area of the column; &f denotes the
strength degradation rate, defined as the percentage reduction in the load-bearing capacity
at the end of loading relative to the peak load-bearing capacity; and the maximum load-
bearing capacity of a column is reported directly in kN throughout the paper.
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3. The MNIST-Section Dataset

Since the handwritten digits used in this study are sourced from a large number of
individuals with varying writing habits, they can be considered to exhibit a certain degree of
randomness. When these handwritten digits are mapped to different cross-sectional forms,
the mechanical properties of the corresponding columns will also vary. Therefore, the
cumulative hysteresis energy dissipation and strength degradation rates of columns with
different major cross-sectional forms were statistically analysed, as shown in Figure 4. The
simulation results indicate that when the cross-sectional form is in the shape of the digit 0,
the median cumulative energy dissipation is 558.64 k]. In contrast, the cross-sectional form
in the shape of digit 1 exhibits the lowest energy dissipation, at 243.66 kJ. Cross-sectional
forms such as 0 or 8 with closed shapes formed by the steel within the cross-section clearly
demonstrate better energy dissipation. Overall, the energy-dissipation distribution for the
10 types of cross-sections follows a normal distribution, as shown in Figure 4a. The strength
degradation rate ({y) is defined in Section 2.3. The overall distribution of degradation rate
for the 10 types of cross-sections contrasts with their energy-dissipation capacity, as shown

in Figure 4b.
S 1250 . :
= . i S 60 i T
& 1000F , | = | |
[P} | [
E 750 r | | | ] ; 40 |
= | 2
< 500 | =
£ £ 20q
£ 2s0F | g ‘ [ !
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(a) Form of column sections (b) Form of column sections

Figure 4. Distribution of mechanical properties: (a) cumulative energy, (b) strength degradation rate.

The proportion of steel area (¢,;) and the degradation of column load-bearing capacity
for each of the 10 different cross-sections are shown in Figure 5. The ¢, in different cross-
sections also follows a typical normal distribution. Except for digit type 1, the highest
probability distribution of ¢, is between 10% and 20%, while the distribution of f is
concentrated between 10% and 30%. A linear fit between ¢, and ¢y indicates that cross-
sections shaped like digit types 4 and 5 exhibit higher strength degradation rates, despite
having similar ¢, to the other cross-sections.

0 : 0 0 0
(ﬂn 10020 30 40 (g)u 020 30 40 (h)n 020 30 40 (i)n

Za (%) & (%) %0 (92)

Figure 5. The distribution of the proportion of steel area £a and the strength degradation rate &f for
the ten digit-type cross-sections: (a—j) digit types 0-9, respectively. Each panel shows the scatter of &f
against £a, the marginal histograms of the two variables along the top and right edges, and the linear
fit (solid line) together with its equation.
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The above analysis indicates that the mechanical performance of CCSCs is influenced
not only by the proportion of steel fibres but also by their spatial distribution within
the cross-section. Therefore, whether predicting the mechanical performance of CCSCs
with different cross-sections or designing cross-sections that meet specific mechanical-
performance demands, it is essential to develop models that consider the spatial effects of
the steel distribution.

4. Prediction of the Mechanical Performance of CCSCs
4.1. A ViT-Based Network Architecture for Predicting Mechanical Performance

The mechanical performance prediction model for CCSCs used in this study is a deep
learning model developed based on the Vision Transformer (ViT). The basic structure of the
prediction model is shown in Figure 1b. First, a column section is divided into 16 patches
and unfolded. Each patch is then flattened into a one-dimensional vector. Finally, these
flattened patches are linearly mapped to a lower-dimensional space and input into the
ViT. Before being input into the Transformer Encoder, positional encoding in the form of
integers is added to each patch. Through patch embedding, this transforms the problem of
predicting the mechanical performance of the column section into a sequence-to-sequence
(seq2seq) problem. The Transformer Encoder is essentially a repetition of the Encoder
Block stacked 12 times, and it is primarily composed of Layer Norm, Multi-Head Attention,
Dropout, and MLP Block components. The shape of the output from the Transformer
Encoder remains consistent with the input shape. Finally, the output from the Transformer
Encoder layer is mapped to a sequence of length 1024 through the MLP Head. This
sequence reflects the displacement—force relationship of the corresponding column section
under cyclic loading, known as the hysteresis curves.

During the training process of the ViT, the mean squared error (MSE) loss function
was used, and the optimiser employed was AdamW. The initial learning rate was set to
1 x 1072, with a weight decay of 1 x 10~%. An exponential decay schedule (ExponentialLR)
was applied to adjust the learning rate, with a decay factor base of 0.99. Training was
conducted on a dataset comprising 60,000 different column section forms, over 200 epochs,
with a batch size set to 64. Due to the fact that the final prediction result of the ViT consists
of 1024 data points, while the network contains 86,045,440 learnable parameters, training
such a large parameter set is quite challenging. In practical operations, a pre-training phase
using ViT was first conducted on the skeleton curves of the CCSCs, with the regression
results containing only 13 points. Once the model could accurately predict the skeleton
curves of the CCSCs, fine-tuning was carried out. Subsequently, the model was used to
predict the complete hysteresis curves.

4.2. Evaluation of Predictive Performance

A comparative analysis was conducted between the regression results of the ResNet18
model and the ViT. Ten typical sections, representing digits 0 to 9, were selected for illustra-
tion, as shown in Figures 6 and 7. Overall, for the prediction of the hysteretic behaviour
of CCSC, the results from the ViT were more accurate compared to those from ResNet18.
For sections such as digit types 1, 4 and 5, significant mechanical performance degradation
and severe concrete damage leading to negative stiffness were observed at later stages of
the hysteresis process, as shown in Figure 6b,e,f. The ViT can provide relatively accurate
predictions of hysteresis curves, even in cases where pronounced pinching develops after
concrete crushing, as shown in Figure 7b. For sections such as digit type 7, where the forces
in the positive and negative directions are asymmetric, the ViT also predicts the response
accurately, as illustrated in Figure 7h.
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red line, ResNet18 prediction.

Force (kN)

Force (kN)

— FEM =

5025 0 255 5025 0 25 5 5025 0 25 5 5025 0 255 5025 0 25 50
500 500 7
500 4 =02 i ¢ 250 250
0 0 04 0 0
-500 5 -250 4 -500 4 -250 -250
1000 3 = -500 3

5025 0 25 5 5025 0 25 5 5025 0 25 5 5025 0 25 50 -50-25 0 25 50

750 ittt s sl b sl R Lttt 750 gl )
500 500 500 500
250 250 250 250
0 0 0 0
-250 250 250 250
-500 -500 -500 -500
-750 750 750

Prediction

(b)

Displacement (mm)

Displacement (mm)

Displacement (mm)

Displacement (mm)

Displacement (mm)

(h)

Displacement (mm)

Displacement (mm)

Displacement (mm)

Displacement (mm)

Displacement (mm)

Figure 7. The prediction results of ViT: (a—j) cross-sections of the digit types 0-9 (upper part of each
panel) and the corresponding hysteresis curves (lower part); solid blue line, FEM result; dashed red
line, ViT prediction.

To evaluate the hysteretic curves quantitatively, three error indicators are adopted.

The mean squared error (MSE) and the root mean square error (RMSE) measure the mean
deviation between the predicted and the reference force over the 1024 displacement points
of a curve, the RMSE being expressed in kN so that it can be interpreted directly as a
load error. The mean absolute percentage error (MAPE) expresses the same deviation as
a percentage of the reference force; it is therefore dimensionless and allows sections with
different load levels to be compared. The MSE and the MAPE are used together to compare
the ViT with the ResNet18 baseline, both being computed on the same test sections and
against the same reference curves, so that the two networks are compared on a common
basis. In Sections 6.1-6.4 the RMSE is used to measure the deviation of the hysteresis curve
of a generated cross-section from the prescribed target curve. The same definitions are
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applied unchanged to all networks and to all sampling schedules, so that the reported
values are mutually comparable.

The MSE and mean absolute percentage error (MAPE) of mechanical performance
predictions for each section type using ResNet18 and ViT are shown in Figure 8. For section
type 1, the ViT model has the smallest MSE prediction error, while for section type 5, the
prediction error is relatively larger. The MSE of the ViT is lower than that of ResNet18
for every section type, with an overall reduction of 62.72%. The ViT model demonstrates
relatively consistent MAPE in predicting the mechanical performance of column sections
across different digit types, whereas ResNet18 exhibits greater variability. The MAPE of the
ViT model is 12.95%, while that of ResNet18 is 30.20%. The primary reason for the higher
error is that even small inaccuracies can significantly increase the MAPE when the column
deformation is minimal. In contrast, the ViT model provides more accurate predictions for
the hysteresis behaviour of columns in the plastic state. For the purposes of this paper, the
term plastic state denotes the post-yield stage of the hysteretic response, that is, the range
of deformations beyond the peak load in which the column exhibits strength degradation
and stiffness deterioration.

1x10° 100

20r S ResNet i ViT B ResNet ViT

MAPE (%)

N0 A 2 % A 65 6 1 & O 6 A 2 % & 6 G 4 % a
@) Form of column section (b) Form of column section

Figure 8. Performance of different network architectures for the prediction: (a) MSE, (b) MAPE.

4.3. Transferring Inference to More Complex Sections

After training on column sections of digit types, the ViT model weights were directly
transferred to predict more complex arbitrary types of cross-sections, as shown in Figure 9.
It is worth noting that the cross-section types in Figure 9 never appeared in the MNIST-
Section dataset; these are redrawn cross-section types. Figure 9a,b represent relatively
regular and common cross-section types, while the later sections, represented by alphabet
shapes, are types that would not occur in actual engineering practice. However, these do
not affect the testing of the ViT model’s generalisation capabilities.

:12.00%

T T T T T T T L 2 T T T T T T : 3 T T T T T T T T T T T T T T T
-50-25 0 25 50 -50-25 0 25 50 -50-25 0 25 50 -50-25 0 25 50 -50-25 0 25 50 -50-25 0 25 50
Displacement (mm) Displacement (mm) Displacement (mm) Displacement (mm) Displacement (mm) Displacement (mm)

Figure 9. Prediction for more complex arbitrary cross-sections: (a—f) six cross-sections that do not
occur in the training set (upper part of each panel), with the steel-area ratio £a given in the panel, and
the corresponding hysteresis curves (lower part); solid line, FEM result; dashed line, ViT prediction.
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Using the ratio of steel to the total cross-sectional area (¢,) as an indicator, the cross-
section shown in Figure 9c is similar to that in Figure 9b. However, their mechanical
properties are significantly different. ViT can accurately predict such cases because it has
learned not only simple indicative features but also the distribution of steel within the
cross-section.

Gradient-weighted Class Activation Mapping (Grad-CAM) identifies key regions in
an image by analysing the gradients flowing into the final layer of the ViT network. By
calculating the gradients of the predicted class scores with respect to the feature maps
of the last layer, Grad-CAM evaluates the significance of each feature map for a specific
class. The application of Grad-CAM analysis to the predictions shown in Figure 9 produces
the visualisations in Figure 10. For predicting the mechanical performance of CCSCs, ViT
predominantly focuses on the locations of steel within the cross-section rather than concrete,
which is consistent with empirical observations.

Figure 10. Grad-CAM heatmap visualisation: (a—f) heatmaps for the six arbitrary cross-sections of
Figure 9; (g-1) heatmaps for six digit-type cross-sections. The colour scale runs from dark blue (low
importance) to dark red (high importance), so that the red regions are those to which the model
attaches the greatest weight.

Although the scarcity of column cross-section samples (Section 2.2) obliged the use
of MNIST-Section as a surrogate during training, the transferred model predicts regular,
engineering-relevant and more complex sections alike, and its behaviour is consistent with
engineering experience. Therefore, training the model on a large dataset of cross-sections to
learn fundamental physical principles and subsequently applying it to practical engineering
contexts proves to be a feasible approach.

5. Conditional Diffusion for Cross-Section Generation
5.1. Unconditional Generation

In this section, the denoising diffusion probabilistic model (DDPM) is extended to
generate column cross-sections with fine-tuned nonlinear material properties. By setting
the nonlinear characteristics of CCSCs as the generation conditions, corresponding column
cross-section forms that meet specific target demands can be inversely designed.

The diffusion model is a probabilistic generative model originally derived from the
diffusion process theory in physics. The central concept of the diffusion model involves
defining a process in which the data distribution is progressively transformed into a Gaus-
sian noise distribution. This process can be regarded as a series of steps that incrementally
add noise. Subsequently, the model learns how to perform the inverse operation of this
process, starting from pure noise and iteratively denoising through a series of reverse steps
to ultimately generate samples that approximate the original data distribution.

Unconditional generative models produce content in a random manner, lacking mech-
anisms to control the generated outcomes. This limitation renders them insufficiently
flexible when specific types of data or samples with particular attributes are required.
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Unconditional diffusion models can only generate new cross-sections that conform to the
original distribution of cross-sectional features but are incapable of reverse-engineering
CCSCs with specified mechanical properties. Consequently, developing conditionally
guided diffusion models holds significant value.

5.2. Forward Process

The forward process of DDPM is pre-structured, which alters the distribution of input
features and incrementally converts it into a prior distribution, usually a standard Gaussian
distribution. Given that the original input feature x; follows the distribution g(xp), the
forward process produces a sequence of features x1, xp, - - -, x7 perturbed by noise, using
the transition kernel g(x; | x;_1). The transition kernel for the forward process is defined as

q(xt|xi—1) = N(xt/ V1-— ﬁtxtflr,gtl) (1)

and {B: € (0,1) }thl. In DDPM, B; is a predefined hyper-parameter that dictates the mag-
nitude of noise introduced at each step. Consequently, x; results from scaling x;_; by a
factor of \/1 — By, followed by the addition of noise with a variance of f;. In this study, B
is linearly interpolated from 0.0001 to 0.02, and T is set to 1000. Given that the forward
noise addition process in DDPM constitutes a Markov chain, the outcome at each step relies
solely on the output features of the preceding step. Thus, the distribution at each step can
be expressed as follows:

q(x1.7]x0) = HtT:1 q(xe|xi—1) )

The x; can be obtained by reparameterising Equation (1) through Gaussian sampling:

xt = J/1—Bxi_1++/Bie
= Jaxg 1+ V1—we
= X+ T —a_qe 3)
= m_1& o &oXo + /1T —wpp_q& 2 - ape

= Vaxo++/1—we

where e ~N(0,I), a; =1 — By and oy = Hé:l as. Within the forward diffusion process, a
relationship can be derived between x; and x, adhering to the following distribution:

q(xt|xp) = N(xt, V&ixg, (1 —Et)l) (4)

As the number of diffusion steps increases, xt approaches the standard Gaussian distribu-
tion, and g(x1) = [ q(x¢|x0)q(x0)dxo = N(0,I).
5.3. Backward Process

In the backward process, the DDPM begins by generating unstructured noise and
subsequently employs a reverse learnable Markov chain to iteratively eliminate the noise
and progressively produce new samples, as illustrated in Figure 11. The objective of the
learnable transition kernel in the backward process is to denoise the standard normal
distribution, thereby extracting new features. This can be formally defined as follows:

po(xt—11xt) = N(xt_1, po(xs, t), Lo(xt, t)) 5)

po(xo.r) = po(xr)[ T,y po(xe—1lxt) (6)
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Given the known systems q(x;_1 | xp) and g(x; | xp), the following probabilistic relationship
can be derived utilising Bayes’ theorem:

q(xe|xe—1,%0)q(xt—1]X0) @)

Xi_1|x, x0) =
-l o) a(xl)

where the three variables in Equation (7) satisfy the following relationship:

_ 2
q(xe|xe—1,x0) = N(xt, Varxp—1, (1 —ar)l) = 27r(11 — M)exp l_ . 2(1\/?;:)_1) ] 8

= 2
q(xt,1|x0) = N(xt,l, v &p_1X0, (1 — Etfl)l) = 27‘[(1——@1)63@ [_ (xtzl(l__\/;tt_ll)XO) ] 9)

— 2
[ (th ; \ﬁ;o) ] (10)

q(xt|xo) = N<xt, Vaxg, (1 —Et)l) —

From Equation (8) to (10), it can be inferred that q(x;_1 | x;, x9) adheres to the following
relationship:

T—a,_; T—a;

= exp{—% |:(0‘ff + 71_%71 )xtqz — 2<\g’?xt —+ 1_?;11 XO) Xt_1 + C(xt, xO):| } (11)
Var (1= q)x+/a 1 (1-8)xg  (1—ay)(1-7 1) I)
4 1—o;

1—a;

— 2 — 2
q(xt,1|xt,x0) 1S exp{—% |:(xt—\l/‘x>f:;t1)2 n (x1-1—+/@_1x0) _ (xt—/Trxo) }

x N Xt—1,
By substituting Equation (3) into Equation (11), we can obtain pg(xy, t):

po(xp, t) = \/10(7 (xt — \/%Se(xt/t)> (12)

Within this framework, ey denotes a learnable parameter. By employing this neural network-
based Markov chain, noise can be sampled, the transition kernel can be iteratively applied,
and xj can ultimately be generated.

B [penoise
1 >

I Noise
l predicter

Noise
predicter

Step 99

{ Conditions )

Figure 11. Backward process.

5.4. Generation Guided by Mechanical Performance Criteria

The objective of this study is to generate CCSC cross-sections that meet specified me-
chanical performance criteria. To achieve this goal, this research maps the target mechanical
performance and incorporates feature matrices into the unconditional diffusion model,
thereby establishing a generation process guided by mechanical performance conditions.

This study employs a four-layer multilayer perceptron (MLP) to map the skeletal
curves, resulting in a feature vector of length 256. This feature vector is then expanded
into a feature matrix with dimensions 256 x 1280. By integrating the feature matrix-
based context into the DDPM backbone network, the generation process is thereby guided.
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The advantage of this approach is that it modularises the guidance process, allowing the
construction of the feature vector and the diffusion process to be trained synchronously.
The guidance generation vectors for displacement ({4) and force ({y) are obtained from the
mapped skeleton curves. After merging into a feature matrix, these vectors, along with
the time steps (;, are input into the model. Under the fine-tuning of the feature matrix,
the neural network is capable of further sampling from the sectional feature distribution
Po(xt_1 | x¢) to generate new cross-sections Py(x;_1 | x¢, {) that meet the specified mechanical-
performance demands, as shown in Figure 12.

Mechanical properties cc:ntext MLP Skeleton curve
2

D

MNIST Sections

Generated
sections

Gaussian noise

Figure 12. Conditional generation diffusion model architecture.

The backbone network utilised in this research is a modified U-net architecture, con-
sisting of four downsampling layers and four upsampling layers. This modified version
incorporates attention mechanisms and residual networks into both the downsampling
and upsampling processes, thereby enhancing the network’s convergence and generative
performance. The attention mechanism initially maps the input of the network into three
vectors: query, key, and value using MLP. It then calculates the similarity or correlation
between the query and key vectors and computes the attention weights, as illustrated in
Equation (13). The final output layer of the upsampling section produces the normalised
form of the generated cross-section. For the output, regions with a value greater than
0.5 are classified as steel, while regions with a greyscale value less than 0.5 are classified
as concrete.

Attention(Q, K, V) = softmax (QKT) 1% (13)
Vi

The loss function of the model is the MSE, designed to predict and eliminate noise.
The initial learning rate for model training is set to 0.01, with the training process spanning
200 epochs. Learning rate decay is managed using an exponential decay method with a
base of 0.98, and the AdamW optimiser is employed for model optimisation. In the context
of DDPM, the noise scheduling strategy plays a pivotal role in determining the quality
of generated samples. Traditional linear or exponential scheduling methods may exhibit
suboptimal denoising performance at different stages. This study adopts an improved
scheduling strategy based on the squared cosine function.
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6. Results of the Inverse Design of Complex Cross-Sections

Based on the diffusion model described in the previous section, a generative model
is established to inversely design complex cross-sections. The sampling process begins
with complete Gaussian noise and gradually repeats the denoising steps to produce cross-
sections that meet mechanical-performance demands. In this study, the DDPM is employed,
with 1000 sampling steps to achieve higher quality cross-section forms. In this section, the
grey areas of the generated fibre sections represent concrete material, while the red areas
indicate steel.

6.1. Sections Generated from Different Training Epochs

The generation results of cross-sections under different training epochs are shown in
Figure 13. The blue curves represent the hysteresis loops of the generated column cross-
sections, while the red curves indicate the target mechanical performance; the closer the
generated curves are to that target, the more accurate the diffusion model. As depicted, in
the second training epoch, the generated cross-section is discontinuous and irregular. The
corresponding column, simulated using OpenSeesPy, yields a hysteresis curve with a root
mean square error (RMSE) of 192.95 kN compared to the target mechanical performance in
red, as shown in Figure 13a. As the number of training epochs increases, the cross-sections
generated by the DDPM become more closely aligned with the form of handwritten digits.
Correspondingly, the mechanical performance of the generated CCSC approaches the target
values more closely. At the eighth training epoch, the RMSE is 68.83 kN, while at the 20th
training epoch, the RMSE decreases significantly to 5.99 kN.
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Figure 13. Different training epochs: (a—h) generated cross-sections (upper part of each panel) and
the corresponding hysteresis curves (lower part) after 2, 4, 6, 8, 10, 12, 20 and 50 training epochs,
respectively; solid line, DDPM prediction; dashed red line, target performance.

6.2. The Process of Complex Cross-Sections Generation

At each step of the cross-section generation, the model receives an input with noise
and is required to predict this noise to estimate the complete, noise-free cross-section form.
In high-noise scenarios, the predictive performance of the DDPM is suboptimal; therefore,
the sampling process must be decomposed into multiple steps. Each sampling step makes
a small move in the direction of the prediction. If the prediction is more accurate than the
previous step, the next prediction is based on this new, improved estimate.

Three sets of mechanical-performance targets for CCSCs were randomly established
to guide the generation of cross-sections. The process, involving 1000 sampling steps,
is illustrated in Figure 14. The maximum load-bearing capacity for the CCSC was set
at 885.72 kN, with a load capacity of 741.90 kN at the end of loading, resulting in a &y
of 16.24%. This represents a target with strong energy-dissipation capability and high
ductility. The generation process is depicted in Figure 14a. At the sampling step of 250, the
generated cross-section appeared as irregular noise, with the fibre section densely filled
with disordered steel. The corresponding load-bearing capacity RMSE of the CCSC was
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1330.17 kN, exceeding the preset maximum load-bearing capacity by more than double. At
a sampling step of 500, the generated cross-section exhibited some geometric regularity,
with the RMSE of the CCSC’s mechanical performance relative to the target value being
565.66 kN. At 700 sampling steps, the cross-section displayed clearer features, and the RMSE
was reduced to 121.17 kN. Finally, at 1000 sampling steps, the RMSE further decreased to
20.76 kNN. The resulting CCSC’s hysteresis performance closely matched the predetermined
demands, satisfying the design criteria.
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Figure 14. The process of section generation: (a—c) generation processes for three target performance
levels. In each panel the upper row shows the generated cross-section at the sampling steps 250, 500,
600, 650, 700, 750, 800, 850, 900 and 1000, and the lower row shows the corresponding hysteresis
curves, the roman numerals I-X denoting these ten sampling steps in sequence; solid line, DDPM
prediction; dashed red line, target performance.

Figure 14b,c show the same pattern: the cross-sections remain disorganised noise
for the first 600 sampling steps, over which interval the generated performance departs
substantially from the target, and they align increasingly closely with the prescribed
demands as the number of steps increases. The final cross-sections are not simply recalled
from the training set: that of Figure 14a, for instance, resembles no numeral form, the
DDPM combining cross-sectional features into a form that is entirely new yet meets the
mechanical-performance demand.

6.3. Generation of Cross-Sections Under Different Mechanical-Performance Demands

Figure 15 shows the cross-sections generated under different performance targets,
with four candidate sections for each target and the red dotted lines denoting the targets;
each generated cross-section was then evaluated to verify the mechanical performance of
the corresponding column.
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Figure 15. Generation based on diverse mechanical-performance demands: (a—f) six representative
target performance levels. For each target, four cross-sections were generated independently and
are labelled I-1V; the right-hand plot compares the hysteresis curves of these four generated sections
with the target performance.

The mechanical-performance target in Figure 15a specifies a maximum load-bearing
capacity of 851.01 kN and a ‘ff of 13.95%, indicating a demand for high load capacity, low
strength degradation, and high ductility. The results from the generated column cross-
sections reveal a substantial proportion of steel, with §, values of 18.25%, 22.44%, 18.31%,
and 20.31%, respectively. Despite varying ¢, values, the generated CCSC exhibits nearly
consistent mechanical performance characteristics. The target mechanical performance
in Figure 15c is comparatively lower than that in Figure 15a, with a maximum load-
bearing capacity of 646.63 kN and a &y of 23.57%. The RMSE of the skeleton curves for the
four CCSCs generated by the DDPM relative to the target values are 13.18 kN, 4.30 kN,
9.09 kN, and 10.46 kN, indicating relatively low errors. Observations of the generated cross-
sections suggest a decreasing trend in the proportion of steel as the targeted mechanical
performance decreases. The target load-bearing demand in Figure 15f is relatively low,
with a peak capacity of 400.51 kN and a ¢r of 47.65%. The steel proportion for the four
cross-sections ranges between 4.5% and 5.8%, with a maximum RMSE of 32.23 kN. Most of
the generated sections resemble the digit-1 form, and the corresponding hysteresis curves
exhibit pronounced pinching, which is consistent with the slip-related behaviour described
in Section 2.3.

6.4. The Generation Process with Varying Noise Schedules

The aforementioned study indicates that DDPM, through its iterative denoising pro-
cess, can generate high-quality section forms that meet mechanical-performance demands.
However, the need for multiple iterative sampling steps results in a slower inference
speed. To address the limitations of DDPM, alternative noise schedules such as Denoising
Diffusion Implicit Model (DDIM) [56], Pseudo-Numerical Methods for Diffusion Model
(PNDM) [57], and diffusion exponential-integrator sampler (DEIS) [58] have been devel-
oped. DDIM introduces a deterministic mapping that reduces the number of sampling
steps while maintaining sample quality. PNDM enhances sampling efficiency through
pseudo-numerical methods. DEIS employs exponential integration to refine the sampling
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process, thereby better estimating the variational lower bound of the diffusion process and
further reducing sampling time while preserving sample quality.

Figure 16a to d present the results of DDPM, DDIM, PNDM, and DEIS, respectively. De-
spite having identical mechanical performance requirements, the generated cross-sections
differ significantly. Nevertheless, the mechanical properties of the corresponding CCSCs
closely follow the target specifications, although the accuracy varies between the samplers.
The final RMSE values for the DDPM, DDIM, PNDM and DEIS models are 8.74 kN, 5.68 kN,
29.87 kN and 9.15 kN, respectively, so that the DDIM sampler is the most accurate of the
four. The decisive advantage of the DEIS is that it requires only 10 generation steps, merely
1% of the 1000 steps of the standard DDPM, so that it reduces the sampling cost by two
orders of magnitude while preserving an accuracy comparable to that of the full DDPM
schedule. This makes DEIS particularly suitable for the development of large-scale, rapid
cross-section generation models.
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Figure 16. Generation based on different noise schedules: (a) DDPM, (b) DDIM, (c) PNDM and
(d) DEIS. In each panel the upper row shows the generated cross-section at five successive sampling
steps (indicated above each column) and the lower row shows the corresponding hysteresis curves,
the roman numerals -V denoting these five sampling steps in sequence; solid line, model prediction;
dashed red line, target performance.

7. Discussion

This study addresses the mechanical performance of CCSCs from both a forward-
prediction and an inverse-design perspective. As shown by the transfer results in Section 4.3,
a model trained only on handwritten-digit sections can predict the hysteresis curves of
cross-sections that are more regular and more complex than those in the training set, and
the Grad-CAM analysis reported in that section indicates that the ViT concentrates on the
steel regions of the section, in agreement with engineering experience.

In the inverse design of cross-sections, this study successfully generated cross-sectional
forms that meet the mechanical performance requirements of CCSCs, which confirms
the potential of diffusion model-based generative methods in cross-sectional design; by
introducing a mechanical-performance feature matrix to guide the generation process, the
diffusion model demonstrated advantages of high speed and accuracy. The limitations that
remain in the generated forms are set out in Section 8.

The performance obtained here can be placed in the context of the recent literature on
data-driven column assessment. Models that predict scalar seismic indicators of columns,
such as the failure mode, the shear capacity or the key points of the skeleton curve, currently
reach coefficients of determination of about 0.88-0.99 and classification accuracies of about
0.85-0.91 when they are trained on experimental or finite-element databases [10,11,38].
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Sequence models trained on experimental databases reproduce a complete hysteresis loop
with a coefficient of determination of about 0.99 [39], and physics-guided generative models
reduce the RMSE of hysteresis prediction by about 60% with respect to purely numerical
simulation [40]. The present study differs from these works in the quantity that is predicted
and in the nature of the design problem, as set out in Section 1. Vision-Transformer-based
frameworks have been reported to outperform convolutional networks in closely related
structural-recognition tasks [59-61], which is consistent with the reduction of 62.72% in the
MSE relative to ResNet18 obtained here. The diffusion models cited above have already
proved effective for generating structural layouts [49,50] and material distributions [51]; the
contribution of the present work is to extend conditional diffusion to the inverse design of a
macroscopic SRC column section conditioned on a complete hysteresis requirement and to
reduce the sampling cost to 10 steps, which to the authors” knowledge has not previously
been reported at the level of a structural section.

The works compared above all address the prediction of a mechanical response; a
more fundamental difference separates the present framework from the parameterised
design methods that are customary in structural design, in which the design variables
are fixed in advance—typically the aspect ratio of the cross-section and the reinforcement
ratio—and a multilayer perceptron or a heuristic optimiser then searches that predefined
space for the combination that best satisfies one or two scalar requirements. Only a single
mechanical indicator is optimised, and the search is confined to the geometries that the
parameterisation is able to represent; machine learning models of this kind, such as the
residual-deformation predictor of Shturmin et al. [35] and the explainable machine learning
shear-capacity model of Ma et al. [33], likewise regress a single indicator from a set of
predefined sectional parameters. Both differences follow from a single change in design
target: taking the complete hysteresis curve, rather than a scalar indicator, as the objective
means that strength and stiffness degradation and the pinching caused by bond-slip are
carried in the design target itself, so that the resulting section reflects the ductility and
energy-dissipation demand of a structure under strong ground motion more faithfully
than a single-parameter optimisation; and generating the section directly from that target,
rather than by search, removes the geometric parameterisation altogether and with it the
restriction to the geometries that the parameterisation can represent. The framework is
therefore not a conventional deep learning parameter regression but a data-driven image-
generation paradigm—a performance-to-image generation mechanism—that removes the
restriction to regular rectangular or circular outlines and widens the design boundary of
SRC columns to complex shapes that are difficult to describe with conventional parameters.
The result is a one-to-many mapping from performance to geometry that the parameterised
methods, by construction, cannot express.

The results of this study can also be separated into a scientific-theoretical part and
an engineering—practical part. From a scientific-theoretical point of view, the results
demonstrate that the geometry—performance relationship of CCSCs is learnable directly
from geometry—that the conditional distribution of cross-sectional forms at a prescribed
performance level can be modelled and sampled, which together establish a clear and
reversible high-dimensional mapping between the geometry of a complex cross-section
and its nonlinear mechanical response, and thus demonstrate the theoretical feasibility
of learning the physical laws of structural mechanics through a visual generative model.
From an engineering—practical point of view, the results provide an efficient intelligent
design methodology that replaces the cumbersome finite-element modelling and trial-and-
error loop: by means of the exponential-integrator sampler (DEIS), a prescribed hysteresis
requirement is converted into a cross-sectional form within seconds, and the quantitative ac-
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curacy levels (RMSE between 4.30 kN and 13.18 kN for the four sections of Figure 15¢) allow
an engineer to judge whether the generated section is acceptable for preliminary design.

The framework developed in this study is intended primarily for the conceptual and
preliminary design of solid-web SRC columns in buildings in which a high axial load
and a high seismic demand have to be accommodated within a limited cross-section, for
example the lower storeys of high-rise residential and office buildings, transfer-storey
and large-span podium structures, and heavy industrial buildings and plant frames in
which SRC columns are already widely used. In such projects the method can be used to
generate candidate sections for a prescribed target hysteresis curve and to screen them
before a detailed finite-element verification is carried out, which shortens the trial-and-error
loop described in Section 2.1. Geometric and code-based constraints such as symmetry, a
minimum steel ratio and a minimum encasement thickness can be incorporated into the
generation process so that the output is directly acceptable in engineering practice.

Figure 17 places the cross-sectional forms considered in this study in the context of
engineering practice and of experimental research. Part (a) gives the forms most com-
monly adopted in engineering practice, in which an H-section or a cruciform steel section
is embedded at the centre of a square concrete section and is confined by longitudinal
reinforcement and stirrups. Part (b) shows columns with complex cross-sections that
have been tested in the literature: the built-up steel skeletons of special-shaped (L- and
T-shaped) concrete-encased steel stub columns tested in axial compression [62], and a
distinctly shaped (cross-shaped) steel-reinforced concrete column-beam joint tested under
cyclic loading, together with its cross-section [63]; in all of these the distribution of the
embedded steel, rather than the outline of the concrete, governs the mechanical response.
Part (c) extends the same reasoning to large-section members such as the bridge pier shown
in service [64].

(a) Engineering practice (b) Complex sections tested in the literature (c) Large-section members
(bridge piers)

1 20 s
L » L
P ° cross-shaped SRC
column section
square section, square section, -
embedded H-section embedded cruciform section
L- and T-shaped joint specimen under a bridge pier in service
steel skeletons cyclic testing

[ embedded steel @ longitudinal rebar
[ stirrup concrete (unshaded)

Figure 17. Cross-sectional forms of solid-web SRC columns and related members: (a) forms commonly
adopted in engineering practice (drawn by the authors); (b) columns with complex cross-sections
tested in the literature—(i) steel skeletons of special-shaped (L- and T-shaped) concrete-encased steel
stub columns, reproduced from [62] under CC BY 4.0; (ii) cross-section and (iii) test specimen of a
distinctly shaped steel-reinforced concrete column—beam joint, reproduced from [63] under CC BY
4.0; (c) a bridge pier in service, reproduced from [64] under CC BY 4.0.

8. Conclusions
This research introduces a method for predicting the mechanical performance and
inverse design of CCSCs based on deep learning algorithms. The main conclusions are
as follows:
(1) The MNIST-Section dataset was developed by using segments of handwritten digits to
represent steel, while the remaining portions represented concrete materials, creating
70,000 CCSCs for numerical simulation. The statistical analysis shows that these
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quantities depend on the spatial arrangement of the steel and not on the steel area
proportion alone.

A network based on ViT was developed to directly predict the complete hysteretic
performance of columns from their cross-sectional forms. Compared to ResNet18,
the ViT model demonstrated lower MSE and MAPE in its predictions. Analysis of
the predicted hysteretic curves revealed that ViT not only accurately predicts the
load-bearing capacity of CCSCs but also captures the pinching effects in the hysteretic
curves associated with bond-slip at large displacements. Relative to the ResNet18
baseline, the ViT cut the MSE by 62.72% and reduced the MAPE from 30.20% to
12.95%, which confirms its advantage in reproducing the complete hysteresis curve.

The diffusion-based inverse-design model generates cross-sectional forms that satisfy
the prescribed mechanical-performance demands, and the DEIS schedule keeps the
sampling process fast enough for the rapid design of cross-sections. Quantitatively,
the DEIS attains the target performance in only 10 sampling steps, about 1% of the
1000 steps required by the standard DDPM, with an RMSE of 9.15 kN.

The contribution of this work is therefore twofold (Section 7): a reversible geometry—
performance mapping established at the scientific-theoretical level, and an intelligent
design methodology usable at the engineering—practical level.

Several limitations should be acknowledged. The conclusions refer to the response
reproduced by the fibre beam-column model, whose accuracy has been assessed
against the benchmark test described in Section 2.3, rather than to experimentally
measured behaviour. As noted in Section 2.3, the morphological bias inherited from
the digit strokes constrains the diversity of the generated sections, and the model
should be fine-tuned on real engineering cross-sections before it is used for design.
The bond-slip behaviour between the steel and the concrete is represented by the
built-in material parameters of OpenSeesPy rather than by a discrete interface element,
so that the pinching observed in the curves should be regarded as associated with,
rather than as a direct measurement of, bond-slip. The dataset was generated with
fixed material strengths and a constant axial load ratio, so that the generalisation of
the framework to other material combinations and loading conditions has not yet
been established. Moreover, although the generated sections satisfy the prescribed
mechanical demand, some of them exhibit irregular or asymmetric topologies that
would complicate reinforcement detailing and formwork, so that the constructability
of the generated sections is a further consideration that the present framework does
not yet address. Finally, the study is restricted to a single section size, a single material
grade and uniaxial cyclic loading.

Future work will proceed along two lines. Scientifically, more sophisticated constraint
methods will be developed for the design of microstructures within cross-sections:
geometric-symmetry and constructability penalties, together with physical prior
constraints, will be embedded in the DEIS-based generation process, the dataset will
be extended to a multi-parameter formulation that couples the material strengths
and the axial load ratio with the cross-sectional geometry, and the generative model
will be extended to a wider range of structural members in order to improve its
generalisation. In application, the pre-trained ViT will be used to screen large numbers
of sections efficiently and to assemble a symmetric cross-section dataset, and the
pipeline will be retrained on real engineering sections so that it can support the
conceptual design of SRC columns in high-rise, large-span and industrial buildings
and produce cross-sectional forms that are not only mechanically optimal but also
consistent with construction codes and engineering practice.
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