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A B S T R A C T

With the advancement of artificial intelligence technologies, automated structural design has emerged as a new 
research focus in recent years. This study proposes a deep reinforcement learning (DRL) method for design of 
reinforced concrete shear walls. Based on the Soft Actor-Critic (SAC) algorithm, DRL agent was trained with deep 
learning network. Design code-based constraints were incorporated into the DRL framework to automate 
structural design while ensuring compliance with design codes. Additionally, for structures where the shear 
strength cannot be accurately determined, a machine learning technique for shear strength estimation was in
tegrated with DRL on automated design. For DRL training, reward functions were established to meet the design 
code requirements and minimize cost. After 100,000 training iterations, DRL agent was successfully trained to 
design shear walls with an acceptable cost. This method is capable of designing compliant and cost-efficient shear 
wall structures within only 0.1 s. Further, a practical case study was conducted to compare DRL with traditional 
optimization algorithms, demonstrating the superior computational efficiency of DRL in automatic design of 
shear walls. The speed and accuracy of the DRL design agent validated the feasibility of the proposed method, 
and highlighted its potential in effectively solving complex civil engineering design problems.

1. Introduction

Reinforced concrete shear wall structures have been widely used in 
building structures, but the design process is typically iterative, 
involving the determination of multiple design variables, such as ma
terial properties, geometric parameters, and layout configurations. 
Conventional design methods often rely on engineers’ experience and a 
trial-and-error process, making it challenging to identify an optimal 
shear wall structure in a short time [1]. To address this issue, it is 
essential to develop intelligent design technologies centered on 
parameterization and automation [2].

In the early stages of artificial intelligence (AI) applications in 
structural design, expert systems were primarily used to simulate the 
reasoning and decision-making processes of human experts [3]. Rafig 
et al. [4] introduced the application of artificial neural networks (ANNs) 
in engineering and utilized ANNs for the design of prestressed reinforced 
concrete slabs. Tabarak et al. [5] explored the use of ANNs for selecting 
appropriate structural systems. Jootoo et al. [6] applied machine 

learning algorithms to preliminary bridge design problems, leveraging 
machine learning for bridge type selection. Preliminary explorations of 
structural topology optimization methods based on deep learning and 
reinforcement learning were conducted, enabling the direct generation 
of optimized structural topologies under given external loads [7–9]. 
Zhang et al. [10] developed a system that employed an improved par
ticle swarm optimization (PSO) algorithm to optimize shear wall layout, 
addressing the structural performance, architectural configuration, and 
structural weight reduction. Similarly, Lou et al. [11] adopted an 
improved PSO algorithm for optimizing shear wall structures and pro
posed a novel method for estimating the corresponding structural re
sponses. Their approach improved the efficiency of structural 
optimization and reduced material consumption. Atabay [12] used ge
netic algorithms to optimize shear wall structures with the aim of 
identifying cost-minimizing design. Although these structural design 
optimization methods [4–12] are suitable for one-time structural design, 
where each structure requires separate computational optimization, 
they enhance design efficiency to a certain extent. In recent years, 
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numerous researchers have applied optimization and learning algo
rithms [13,14] to the automated design of shear wall structures. Due to 
the powerful feature extraction capabilities of deep neural networks 
(DNNs), the integration of generative adversarial networks (GANs) 
[15–17] has become a mainstream trend in the field of automated 
structural design, focusing on the layout design of structures. Lu et al. 
[18,19] utilized GANs to generate layout for wall structures. However, 
this approach relies heavily on prior knowledge and requires a sub
stantial dataset of engineering design drawings for training. Unfortu
nately, access to such datasets is often limited, as most design drawings 
are held by design institutes, making data collection challenging. The 
application of large language models (LLMs) in structural design also 
represents a form of data-free design [20,21]. For instance, Chen and 
Bao [20] employed an LLM to generate code-compliant reinforced 
concrete designs and verified the results using SAP2000, demonstrating 
the feasibility of LLM-based structural design. However, the primary 
limitations of LLMs in this field lie in their questionable structural rigor, 
limited physical interpretability, and potential unreliability in ensuring 
content accuracy.

In structural design, if structural components have nonlinear 
behavior in structure analysis, optimization algorithms would become 
trapped in local optima, making it difficult to find the global optimum 
[22]. Moreover, for complex structural design problems, these algo
rithms often face challenges related to computational complexity and 
convergence speed, especially in high-dimensional and multi-variable 
scenarios. Additionally, such automated design methods using GAN 
are currently limited to shear wall layout, with little research focusing 
on structural components (e.g., RC shear wall section design).

Deep reinforcement learning (DRL) offers a viable option for 
achieving automated shear wall design effectively, In the absence of 
sufficient data, automated structural design can be conducted using 
code-based analytical formulations or finite element analyses. When 
reliable datasets are available, machine learning techniques can be 
incorporated to rapidly predict structural load-carrying capacity, 
thereby significantly reducing computational time. In recent years, DRL 
has demonstrated tremendous potential in various fields, such as protein 
design [23,24], mechanical engineering design [25], Atari games [26], 
controller tuning [27], and self-driving cars [28]. These applications are 
typically characterized by a large number of design parameters and 
high-dimensional decision spaces, where traditional metaheuristic 
optimization algorithms often suffer from low efficiency or premature 
convergence. DRL offers a fundamentally different solution paradigm 
for such complex problems and provides a promising new direction for 
achieving fully automated structural design. Fig. 1 shows an overview of 
the DRL, which is a hybrid approach that combines DL techniques with 
reinforcement learning (RL) principles [26,29–31]. The standard RL 
framework consists of three key components: agent, environment, and 
their interactions (including actions, states, and rewards). The agent 
interacts with the environment by taking actions and receiving rewards, 
then adjusts its action policy to achieve the highest rewards. By simu
lating the exploratory learning and feedback optimization of an agent 

within an environment, DRL continuously updates design strategies, 
enabling complex multi-objective optimization problems to be solved 
more effectively through automation.

In civil engineering field, there only exist very limited studies and 
explorations focusing on DRL for structural design: shear wall layout 
design [32]; RC beam design [33]; cross-section optimization of steel 
frame [34,35]; and framework design [36]. Notably, these studies 
[32–36] primarily focus on layout design and components that are 
simple and numerically solvable. The application of DRL-based methods 
in structural design research faces several challenges, primarily due to 
the following difficulties in a shear wall design example: a) Structural 
design involves various materials, and the complexity of shear wall 
structures makes the calculation of shear strength challenging. This 
necessitates the use of new methods for capacity estimation; b) 
DRL-based shear wall design requires the development of a new envi
ronment to simulate the design process, ensuring that the iterative 
process meets the design code requirements and minimizes the material 
costs; and c) In structural design, it is essential to design the effective and 
physically meaningful reward functions for the constraints imposed by 
current design code requirements. Additionally, during the structural 
design process, finite element analysis is required to estimate the 
structural behavior of complex or special structures. This approach is 
constrained by current computational power, and training involving 
large-scale datasets (i.e., hundreds of thousands of iterations in DRL) 
would be extremely time-consuming, making it unsuitable at present. In 
recent years, significant advancements in machine learning have led to 
exceptional feature extraction capabilities, providing new approaches to 
DRL. Gradient Boosting model implemented via XGBoost, as a machine 
learning algorithm, can quickly predict shear strength based on empir
ical data. In this study, the XGBoost was adopted for surrogate modeling 
due to its strong generalization capability, fast training and inference 
speed, and built-in interpretability through feature importance analysis 
[37,38], and this method is particularly suitable for engineering com
panies with a large amount of design case data.

In structural design problems, the relationship between the envi
ronmental state variables (i.e., structural design parameters and per
formance) and compliance with design code requirements as well as 
material costs is complicated. This study aims to develop a DRL-based 
model for shear wall structures to automate the design process and 
optimize material costs. The Soft Actor-Critic (SAC) algorithm is inte
grated with XGBoost to enable automated design and performance 
prediction of shear wall structures. In addition, design code-based 
methods for calculating load-carrying capacity are also employed to 
ensure compliance with design codes, particularly in cases where suf
ficient data are not available. This approach demonstrates the applica
bility of DRL in engineering design as an alternative method for design 
automation. An RC shear wall design environment is created within the 
DRL framework, where an agent can determine design parameters, such 
as shear wall dimensions, size of distribution rebars, and the number of 
rebars, based on a given design code.

2. Concept of Soft Actor-Critic (SAC)

DRL algorithms work by continuously trying to find the optimal 
policy to achieve a given objective. The agent interacts (i.e., taking ac
tions) with the environment, receiving rewards for its current actions, 
and adjusts its policy to maximize the reward. For instance, Soft Actor- 
Critic (SAC), one of the DRL algorithms, not only aims to achieve the 
highest reward but also requires entropy maximization. This enhances 
the exploration capabilities of the agent, effectively preventing it from 
becoming stuck in local optima. SAC uses neural network to approxi
mate the reward after an action is taken, which can deal with more 
complex state space and action space.

One of the advantages of SAC [39] over other reinforcement learning 
algorithms, such as deep deterministic policy gradient (DDPG) and deep 
Q-learning algorithms, is that it is designed for the maximum entropy Fig. 1. Overview of deep reinforcement learning.
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reinforcement learning. SAC stands out among most model-free (off-
policy) reinforcement learning algorithms due to its excellent conver
gence properties. Model-free methods learn policies directly through 
interaction without constructing an explicit environmental model. Also, 
SAC exhibits high efficiency and stability in autonomous learning, even 
in cases of low sample efficiency [40]. SAC learns directly from inter
action with the environment, enabling stronger exploration and better 
performance under multimodal rewards. Additionally, the algorithm is 
more robust, which is critical for optimizing complex structures with 
many parameters and high-dimensional corresponding spaces. The goal 
of SAC is to maximize the expected accumulated reward and the entropy 
of each output action of the policy. The maximum entropy-based policy 
can be defined as follows: 

π∗ = arg max
π

E
τ∼π

[
∑T

t=0
γt(R(st , at)+αH(π(⋅|st)))

]

(1) 

where arg max
π

E
τ∼π 

represents the finding a policy π that maximizes the 

expected value; τ denotes the trajectory generated by the interaction 
between the agent and environment; γ is the reduction factor; R(st , at)

refers to the action reward obtained by taking action at in state st; t is the 
time step; α is a hyper-parameter that represents the importance of en
tropy value. In the present study, α is automatically learned and treated 
as a trainable parameter. It is dynamically adjusted through gradient 
descent to satisfy a predefined entropy target; and H(π(⋅|st)) is the en
tropy of π at state st .

In the SAC framework, the state value and action-value functions are 
updated iteratively to guide the policy optimization process, as 
expressed in Eqs. (2) and (3). The state value function V(st) can be 
described as follows: 

V(st) = Eat∼π
[
Qθ(st , at)

⃒
⃒ − α log πϕ(at |st)

]
(2) 

where E represents an average over randomness; Qθ(st , at) is the action 
reward function; and πϕ(at |st) is the policy. The reward function can be 
expressed as follows: 

Qθ(st , at) = r(st , at)+ γEst+1 [V(st+1)] (3) 

where r is the immediate reward after taking action; and γEst+1 [V(st+1)] is 
the expectation over actions chosen by the current policy in the next 
state.

During the training process, SAC minimizes the Q-value loss func
tions and policy loss functions to obtain the optimal policy. The Q-value 
loss function can be defined as follows： 

JQ(θ) =
E

(st , at) ∼ D

[
1
2
(Qθ(st , at) − (r + γEś V(st+1)))

2
]

(4) 

The loss function for the actor-networks at training the policy πϕ can 
be defined as follows: 

Jπ(ϕ) =
E

st ∼ D, at ∼ πϕ

[

log πϕ(at |st) −
1
αQθ(st , at)+ log Z(st)

]

(5) 

where Z(st) represents the normalization constant under the state st.
In a word, the agent continuously generates actions based on a policy 

to obtain higher rewards, while simultaneously learning from the 
accumulated experience, which comprises actions, rewards, and states, 
to improve its policy over time.

3. Methodology

In reinforcement learning, the agent interacts with the environment 
by continuously taking actions, which causes changes in the environ
ment’s state. A typical schematic of RC shear wall for automatic design is 
shown in Fig. 2. The main parameters include wall height, width, 
thickness, transverse and longitudinal reinforcements, and axial load 

conditions, which together define the state and action spaces for the 
optimization framework.

The goal of DRL is to find a policy of actions that maximizes the 
cumulative reward. The process of SAC algorithm can be divided into 
two stages: 1) Exploration and data collection: The agent takes actions in 
the environment, changes the current state, and receives the corre
sponding reward values. These interaction data (i.e., state, action, 
reward, and next state) are recorded in the experience replay buffer for 
subsequent training. This stage helps the agent accumulate a rich set of 
sample data, covering feedback information across different states; and 
2) Policy optimization and update: SAC uses the collected data to train 
neural networks, continuously updating the parameters of the policy 
network and value network. By maximizing the soft Q-value (Eq. (3)), 
the agent is able to output actions that maximize the reward in future 
states while maintaining policy diversity. This process enables the agent 
to gradually approach the optimal policy, where it can select an action 
that maximizes the reward as well as maintains appropriate exploration 
in any given state. The design process of shear wall using SAC is illus
trated in Fig. 3.

In this study, two approaches are integrated with DRL for automated 
design of shear wall structures. Method 1 involves directly incorporating 
existing code-based formulas and constraints to guide the automated 
design process. This approach does not require the collection of addi
tional data, making it more straightforward for practical implementa
tion. However, in engineering practice, there are some types of 
structures for which no code-based formula is available to calculate the 
load capacity, although numerous design cases exist. Therefore, Method 
2, which combines XGBoost with DRL, is adopted to account for the 
influence of factors such as vertical reinforcement and axial load on the 
shear capacity of shear walls. There are some factors (e.g., longitude 
reinforcement ratio, axial fore) are often neglected in existing design 
codes [36–38]. Due to the limited availability of detailed engineering 
design data for shear walls, it is challenging to directly compare the 
outcomes of the automated design with actual engineering projects. 
Thus, this study utilizes a dataset of 774 existing shear wall test speci
mens, and the design parameter space in the DRL-based model is con
strained within the bounds of this dataset. If sufficient engineering 
design data become available in the future, they could be used to replace 
or supplement the experimental dataset.

3.1. Environment and state

To achieve automatic design of RC shear walls, a single-story shear 

P = N
Vu

h

bw

Transverse reinforcement

Longitudinal reinforcement

Fig. 2. Typical schematic of the reinforced concrete shear wall.
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wall is selected for dimensional optimization while minimizing material 
use. This study focuses solely on conventional RC shear walls, excluding 
the design of top beams and boundary elements, ensuring compliance 
with design codes.

The state describes the mechanical and structural information of the 
shear wall. Based on the state parameters, the current state and 
configuration of the shear wall can be described. In the computation 
process, the shear wall’s height (h), width (bw), thickness (t), longitu
dinal and transverse reinforcement diameter (dl and dh) and quantity (Nl 
and Nh), shear strength (Vn), and shear demand (Vu) are set as the pa
rameters of the environment’s state.

It is necessary to define the initial shear wall’s conditions (i.e., initial 
state) for generating a reasonable shear wall structure, such as the shear 
demand (Vu), wall height (h), seismic grade of the building, concrete 
compressive strength (fc), and the strength, number, and size of rein
forcement. In this study, the range of these parameters is provided in 
Table 1, and the used rebar list is shown in Table 2. To reduce training 
time, certain parameters were set as constant, such as shear wall height, 
seismic design category, concrete strength, and reinforcement strength. 
The height of the shear wall is set to 1800 mm, which corresponds to 
3600 mm in the real world, considering that the shear wall exhibits 
symmetric loading and boundary conditions along the vertical direction. 
The broader the range, the stronger the model’s adaptability and 
generalization ability. However, a wider range would increase the 
training time of the model. Through DRL training, a well-defined policy 
can be learned, enabling the model to generate reasonable shear wall 
structures within the specified parameter ranges.

3.2. Action

In the context of DRL, the agent's task is to design the shear wall's 

cross-section and reinforcement configuration based on a given shear 
demand. Actions perform incremental steps to explore in space. In the 
proposed DRL-based shear wall design framework, the action space is 
defined to represent incremental modifications of the shear wall’s geo
metric dimensions and reinforcement configuration at each decision 
step. The action is formulated as a continuous vector: 

At− norm = [a1, a2,…, an] ∈ [− 1,1]n (6) 

where each component (ai) corresponds to a normalized control variable 
associated with a specific design parameter at step (t).

Specifically, the actual meaning of the action vector in this study is 
defined as follows: 

At = [Δb, Δt, Δdh, Δdv, Δnh, Δnv] (7) 

where Δb is the incremental adjustment of shear wall width; Δtis the 
incremental adjustment of shear wall thickness; Δdh and Δdv are the 
incremental adjustment of horizontal and vertical(longitudinal) rein
forcement bar diameter (index), respectively; and Δnh and Δnv are the 
incremental adjustment of the number of horizontal and vertical(lon
gitudinal) reinforcement bars, respectively.

Each action component represents a relative adjustment step rather 
than an absolute design value. The actual physical update of a design 
variable (xi) is defined as follows: 

x(t+1)
i = x(t)

i + αiai (8) 

Storage
(Replay Buffer)

RL agent

Action
(Change shear

wall parameters)

State
(Shear wall parameters: wall size,

steel reinforcement)

Code
validation

Validate Vn
use XGBoost

+

Train Agent on past
experiences after

each episode

Current state,
action, reward,

next state

Next state becomes
current state

New design becomes
next state

Episode
terminated

Illegal action

Create a new
shear wall

Right?

Episode start

Fig. 3. Flow chart of the design process for optimizing the shear wall structure.

Table 1 
Setting of design parameters in the environment.

Variable Unit Range

Shear demand (Vu) kN 200–1500
Wall height (h) mm 1800
Seismic grade - III
Compressive strength (fc) MPa 30
Elastic modulus (Ec) MPa 30000
Rebar diameter (db) mm 6–28
Rebar strength (fy) MPa 400

Table 2 
Rebar diameter and cross-sectional area.

Index db (mm) As (mm2)

1 6 28.3
2 8 50.3
3 10 78.5
4 12 113.1
5 14 153.9
6 16 201.1
7 18 254.5
8 20 314.2
9 22 383
10 25 490.9
11 28 615.8

Note: db is the rebar diameter; and As is the cross-sectional area.
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where (αi) is a predefined scaling factor that maps the normalized action 
(ai in [-1,1]) to a physically meaningful engineering increment. The 
values of αi are set as [500, 50, 3, 3, 10, 10].

To ensure numerical stability and bounded design updates, all action 
outputs from the Soft Actor-Critic (SAC) policy network are passed 
through a hyperbolic tangent (Tanh) activation function, which con
strains the action space to ([-1,1]). This normalization prevents exces
sively large design changes within a single step and promotes smooth 
convergence during training. Within each episode, the agent is allowed 
to perform a fixed number of action steps (10 steps in this study) to 
progressively refine the shear wall design. Through successive incre
mental updates, the agent seeks an optimal balance between structural 
safety constraints and cost efficiency while satisfying the prescribed 
shear demand.

3.3. Constraints

Based on the design code (GB50011–2010) [41] and technical 
specification for concrete structures of tall building (JGJ 3–2010) [42], 
an integrated DRL environment for shear strength prediction and 
structural design was established. A typical schematic of RC shear wall 
for automatic design is shown in Fig. 2. The following requirements 
should be typically satisfied for automated structural design.

3.3.1. Shear strength requirements
In this study, the design shear value applied in the DRL framework 

has already incorporated the effects of various load combinations ac
cording to the relevant design codes. Therefore, the combined shear 
demand was directly used for structural design. To evaluate the shear 
strength of shear walls, two different approaches are adopted in this 
study for comparison. The first approach (Method 1) follows the code- 
based analytical formulas derived from existing design standards, 
while the second approach (Method 2) utilizes a data-driven prediction 
method based on XGBoost system. The comparison between these two 
methods allows for assessing the applicability and accuracy of machine 
learning in predicting shear strength relative to conventional code-based 
methods.

3.3.1.1. Method 1. Shear demand Vu of shear wall is defined as follows: 

Vu = ηvwVw (9) 

where Vw is the design shear force for load combinations including 
earthquake effects; and ηvw is the shear amplification coefficient (= 1.6, 
1.4, and 1.2 for grades I, II and III, respectively).

In the calculation of the shear strength of shear walls, Chinese design 
code [41,42] considers only the contribution of concrete, while the 
reinforcement is required merely to satisfy construction requirements 
rather than to contribute explicitly to shear strength. Under permanent 
and temporary design conditions, the dimensions and shear strength of 
the shear wall should satisfy Eqs. (10) and (11). 

Vu ≤ 0.25βcfcbwt (10) 

Vu⩽
1

λ − 0.5

(

0.5ftbwh+ 0.13N
Aw

A

)

+ fyh
Ash

s
h (11) 

where βc is the concrete strength influence factor (βc= 1 for concrete 
strength fc ≤ 50 MPa, and βc = 0.8 for fc > 80 MPa); βc is linearly 
interpolated for fc = 50–80 MPa; bw is the shear wall width; and t is the 
shear wall thickness; λ is the shear-span ratio which ranges between 1.5 
and 2.2; ft is the tensile strength of concrete; N is the axial load; Aw and A 
are the web area and total cross-sectional area of the shear wall; and fyh, 
Ash, and s denote the yield strength, total cross-sectional area, and 
spacing of transverse reinforcement, respectively.

When seismic design conditions are considered, the shear strength is 

defined as follows: 

Vu ≤
1

γRE
(αcβcfcbwt) (12) 

where αc is the coefficient related to the shear-span ratio λ (αc = 0.2 for 
λ>2.5, αc = 0.15 otherwise); and γRE is the seismic adjustment factor 
(γRE= 0.85).

3.3.1.2. Method 2. For seismic resistant design of wall structures, it is 
crucial to accurately calculate the shear strength of shear walls. Con
ventional formulas specified in design codes simplify computational 
procedures for many complex structures, which often yields highly 
variable and imprecise estimates. ACI 318–19 [43] does not account for 
the contribution of longitudinal reinforcement to the shear strength, 
while Hwang et al. [44] argue the significant effect of longitudinal 
reinforcement on the shear strength. Although finite element analysis 
(FEA) methods provide higher accuracy results, it requires extensive 
computational time, making it inefficient for DRL, as numerous iterative 
steps are needed even when simplifying the FEA models. Considering 
current computational limitations, FEA methods are unsuitable for 
training DRL models. Therefore, using machine learning to consider 
multiple factors to predict shear strength is a simple and effective 
approach. A wide range of machine learning methods are available for 
prediction tasks, and many of them have demonstrated satisfactory 
performance in regression problems. Among these methods, XGBoost 
[45] has been extensively validated in previous studies and shown to be 
particularly effective and reliable for applications similar to the one 
considered in this work [46,47]. Therefore, XGBoost is adopted in this 
study to establish the nonlinear mapping between shear wall design 
variables and corresponding shear strength. XGBoost is an optimized 
distributed gradient boosting system, which incrementally constructs a 
set of weak learners by minimizing a regularized objective function that 
balances prediction accuracy and model complexity. Owing to its strong 
capability in handling high-dimensional input spaces, capturing com
plex nonlinear interactions, and maintaining robustness against over
fitting, XGBoost has been widely validated in structural engineering 
applications for response prediction [48,49].

Specifically, XGBoost in this study is employed to compute the shear 
strength based on geometric and reinforcement parameters, while other 
structural checks, including stability, reinforcement ratio, and axial 
compression ratio, are conducted in accordance with the relevant design 
codes. This hybrid strategy allows the DRL agent to optimize the design 
decisions efficiently while ensuring compliance with established engi
neering standards. The workflow of the integrated XGBoos-DRL frame
work is illustrated in Fig. 4.

Feng et al. [47] utilized the XGBoost to predict the shear capacity of 
RC shear walls, using a database comprising 434 specimens. In this 
study, the model was adopted to predict the shear strength of shear 
walls, with the database expanded using the ACI 445B Shear Wall 

Fig. 4. Flowchart of XGBoost in DRL.
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Database [50], resulting in a total of 774 test data. The dataset was 
randomly divided into a training set (80 %) and a testing set (20 %) [38]
to evaluate the generalization performance of the XGBoost. The detailed 
input variables are the height h, width bw, web thickness t, concrete 
compressive strength fc, longitude reinforcement ratio ρv, transverse 
reinforcement ratio ρh and strength fy, and applied axial load P. The 
prediction accuracy of the model was re-validated. As seen in Fig. 5, 
XGBoost provided accurate shear strength predictions, and the test data 
with a mean (A) and overall absolute error (E) of 1.017 and 0.095, 
respectively. To ensure sufficient safety performance in the actual 
structural design process, a 95 % one-sided confidence bound [51]
should be applied, resulting in a model margin of approximately 19.6 %. 
Therefore, in the present study we apply a conservative reduction to the 
XGBoost predicted shear strength and use V = Vpred(1 − 0.196) (i.e., 
≈0.80⋅Spred) when evaluating designs inside the DRL reward. Never
theless, the final design must still comply with code-based checks for 
stability, reinforcement limits, and axial compression ratio, ensuring 
conservative and safe structural performance.

3.3.2. Cross-section dimensions of shear walls
In this study, a straight-shaped configuration is adopted for the shear 

wall. On the basis of the dataset, the minimum wall thickness is set to 
100 mm. 

tmin = 100 (13) 

3.3.3. Reinforcement requirements
In high-rise shear wall structures, longitudinal and transverse rein

forcement should not be arranged in a single row. For the shear wall 
with a thickness of 400 mm or less, double-row reinforcement can be 
used. For the shear wall with a thickness greater than 400 mm but not 
exceeding 700 mm, triple-row reinforcement is recommended. For the 
shear wall with a thickness exceeding 700 mm, quadruple-row rein
forcement is advised. 
⎧
⎨

⎩

n = 2, t ≤ 400
n = 3, 400 < t ≤ 700
n = 4, t > 700

(14) 

where n is the number of reinforcement rows.
The reinforcement ratio of longitudinal and transverse bars in shear 

walls should not be less than 0.25 % in seismic design (i.e., grades I, II 
and III) and 0.20 % in non-seismic design (i.e., grade IV). 
{

ρmin ≤ ρv
ρmin ≤ ρh

(15) 

Since the agent optimizes the design toward minimum material cost, 
excessively small spacing, which would substantially increase 

reinforcement usage, is automatically avoided through the cost function. 
Consequently, the minimum spacing constraint is retained in Eq. (16) to 
ensure structural safety. According to Chinese design code [41,42] the 
spacing of longitudinal and transverse bars in shear walls should not 
exceed 300 mm, and the rebar diameter should not be less than 6 mm, 
but it should not exceed 1/10 of the wall thickness. 
{

Smin ≤ Sv
Smin ≤ Sh

(16) 

3.3.4. Stability
According to the design codes [41,42], the stability of shear walls 

should meet the following conditions: 

q ≤
Ect3

10l20
(17) 

where q is the axial force acting on the top of the wall; Ec is the elastic 
modulus of the shear wall concrete; l0 is the effective length (l0 = βh); β 
is the effective length factor of the wall section (= 1.0 in this study); and 
h is the story height.

3.3.5. Axial compression ratio
The axial compression ratio of shear walls should satisfy Eq. (18). For 

seismic grades I and II, the ratio (μ) is set at 0.5, while for grade III, it is 
0.6. 

μ ≥ N/(A⋅fc) (18) 

where N is the axial load; and A is the cross-sectional area of the shear 
wall.

3.3.6. Economic consideration
According to Goldberg [52], for cost minimization problems, the 

objective cost should be subtracted from a large fixed value, so that all 
fitness values become positive. The fitness calculation method is defined 
as follows: 

Cex = Ccos t − Cm (19) 

where Cex is the excess amount after expenses. Minimizing Cex corre
sponds to minimizing the actual cost. Ccos t is the actual expense, which 
is calculated from the cost of the concrete and reinforcement (i.e., 
determined by their respective volumes multiplied by unit prices); and 
Cm is the minimum cost of shear wall under a given shear force.

To investigate the possible material cost associated with the shear 
strength of shear walls under different sizes and loads, all possible 
combinations of wall sizes and loads were generated to calculate the 
shear strength and costs. Table 3 shows the design parameter range that 
satisfies the design code requirements. The used price is 59.86 $/m3 for 
concrete and 17500 $/m3 for steel reinforcement. The final linear 
relationship between the shear strength and materials cost is defined as 
follows (Fig. 6): 

Cm = 0.02641Vn +18.12 (20) 

Although the enumeration method can provide a useful reference for 
the cost-shear strength relationship, the current case studies rely on 
sparsely sampled design points and are computationally time- 
consuming; moreover, for high-dimensional structural systems, a 
lookup-table-based enumeration approach becomes impractical for real 

Fig. 5. Accuracy of the XGBoost-based learning framework for predicting Vu.

Table 3 
Parameter ranges to estimate Cm.

Parameters db (mm) N bw (mm) t (mm)

Range 6–28 4–80 500–2100 100–300

Notes: db is the rebar diameter; N is the number of transverse bars; and bw and t 
are the width and thickness of shear wall, respectively.
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engineering applications.

3.4. Reward

For optimizing the model during the design process, it is crucial to 
define an appropriate reward function. The reward function can be 
regarded as an objective function for the DRL agent, mapping the fea
tures of the shear wall to the reward. For this reason, the reward function 
contains the prior knowledge of the design task’s objectives, including 
compliance with the design code requirements and cost-effectiveness. 
Each requirement is evaluated by a separate reward function, and the 
total reward is estimated from the weighted sum of the individual 
rewards.

A straightforward approach is adopted using linear functions with 
varying gradients to generate the reward. A value of 0.0 serves as the 
baseline, indicating that the design code requirements have been 
allowed. If a feature does not meet the code requirement, a penalty (i.e., 
negative reward) is added based on the distance to the requirement 
boundary. The calculation steps of the reward can be seen in Fig. 7. The 
reward function to ensure compliance with the design code re
quirements can be defined as follows: 

R =

{
negativereward ifparametersnotmeetcoderequirements
positivereward materialscost (21) 

3.4.1. Rewards for design code requirements (negative reward)
DRL aims to maximize rewards, and the structure should first satisfy 

the design code requirements when shear wall structures are designed. 
Thus, if the structural parameters do not satisfy the design code or cost 
requirements, a corresponding penalty value should be set (i.e., the 
reward will be negative). Also, the current learning episode will not be 
terminated until the maximum trial action steps reach. The penalty can 
be calculated from Eq. (22). The reward is affected by the severity of the 
violations, with larger penalties for more significant deviations from the 
requirements. 

Rstd =
∑n

i=1
ωi⋅Ri for Ri < 0 (22) 

where Rstd is the weighted sum of all negative reward values; ωi is the 
weighting coefficient for each negative reward (after multiple attempts, 
ω1 ∼ ω6 are set to 0.2, 0.2, 0.2, 0.1, 0.3, and 3.0, respectively, in this 
study); and Ri refers to the evaluation value of design code requirements, 
which corresponds to the wall dimensions, rebar spacing, rebar ratio, 
stability, axial compression ratio, and shear strength. The negative 
reward range is [-∞ , 0]. The specific definitions of Ri are defined as 
follows:

For wall dimensions, the reward value R1 is as follows: 

R1 =

(
t − tmin

tmin

)

(23) 

where t is the thickness of the shear wall.
For rebar spacing, the reward value R2 is calculated from the number 

of rebar layers and the width and thickness of the shear wall. 

R2 =

(
Smax − S

Smax

)

(24) 

where Smax is 300 mm [42]; and S is the maximum rebar spacing for the 
longitudinal reinforcement and stirrups, which can be calculated based 
on w, c, n, and Nt. bw is the shear wall width; c is the concrete cover and is 
assumed to be 30 mm; n is the number of rebar layers in the shear wall; 
and Nt indicates the total number of rebars in the corresponding 
direction.

For rebar ratio, the reward value R3 is calculated from the longitu
dinal and transverse rebar ratios. 

R3 =

(
ρ − ρmin

ρmin

)

(25a) 

ρ = min(As,v
/
wt , As,h

/
ht) (26b) 

where As,v and As,h are the total cross-sectional area of longitudinal and 
transverse rebars, respectively.

For stability, the reward value R4 is as follows: 

R4 =

Ect3
10l20

− q

q
(27) 

where q is the axial force of the wall (Eq. (17)).
For axial compression ratio μ, the reward value R5 is as follows: 

R5 =

[
μ − N/(A⋅fc)

μ

]

(28) 

For shear demand Vu, the reward value R6 is as follows: 

R6 =

[
Vn − Vu

Vu

]

(29) 

where Vn is nominal shear strength calculated by design code or 
XGBoost.

3.4.2. Material cost rewards (positive reward)
After design code requirements are evaluated, the reward for the 

Fig. 6. Material cost in accordance with shear strength.

New episode

Code validation

Cost validation

End

Start

Yes

Yes

No

No

Max episode？

Yes

No

Fig. 7. Reward calculation steps.
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material cost also needs to be estimated. The primary goal of this study is 
to control the design cost of shear walls. Ensuring that the DRL frame
work retains sufficient exploration capability while maintaining eco
nomic efficiency. Therefore, adopting a cost limit of 1.2 times [33] the 
minimum cost (Cm) represents a slightly more conservative yet practical 
assumption. In this case, when the structural design satisfies the code 
requirements, an economic efficiency check will be performed, other
wise a negative reward is given. The reward value Rcost is defined as 
follows: 

Rcos t = 100⋅
0.2

Cex
Cm

+ 0.2
(30) 

where Rcost is a value relative to Cm and Cex; and Cm is the minimum 
material cost under a given shear force, which can be calculated from 
Eq. (20). If the material cost (Ccost) exceeds 1.2Cm, the reward range is 
restricted to [0, 50]. When the material cost is less 1.2Cm, the reward 
will be positive, showing the range of (50,100].

3.5. Training and test setup

For training, the parameters and combined hyperparameters were 
empirically set (Table 4). Two fully connected layers were adopted with 
128 and 128 neurons for both actors and critics. The critic’s output layer 
has a linear activation function, while the actor’s output layer has a tanh 
activation function. During each episode, a random shear force ranging 
from 200 to 1500 kN is generated, and up to 10 actions are executed in 
sequence until a reasonable structural design is achieved. The actor and 
critic networks were trained during 100,000 episodes. It is important to 
note that during the training process, the DRL agent will generate a large 
amount of data through continuous exploration, which is stored in a 
replay buffer. A portion of this data is subsequently used for policy 
learning. Thus, it is necessary to restrict the generation of uninformative 
or unproductive data. After several trials, a method was adopted in 
which any design resulting in a shear wall cost greater than twice the 
minimum observed cost is considered invalid, and the current episode is 
terminated. This approach ensures that the agent retains sufficient space 
for exploration while also guaranteeing that the collected data remains 
meaningful for accelerating policy learning and avoiding convergence to 
suboptimal local solutions. All simulations were performed on a com
puter equipped with an Intel Core i7–12700 CPU, 16 GB RAM, and 
Windows 11 operating system. The algorithms were implemented in 
Python 3.10 using the PyTorch deep learning framework.

4. Results and discussion

4.1. Training results

Fig. 8 shows the historical rewards after 100,000 episodes of 
training, in which each point represents the total reward obtained by 
SAC in an episode. For training of the both methods, the total training 
time was approximately 80 min. It is evident that around episode 
50,000, the algorithm using code requirements (i.e., Method 1) begins to 
be converged. However, using the XGBoost-method (i.e., Method 2), 

convergence was achieved after approximately 40,000 iterations. When 
Method 1 was adopted, within the first 50,000 steps, the algorithm was 
still in the early stages of learning, during which the policy remained 
immature and the balance between exploration and exploitation had not 
yet been established. After this period, the algorithm began to discover 
relatively stable policies. The average reward for the shear wall reached 
about 50, which means the designed requirements are satisfied and the 
material cost (Ccost) is close to 1.2Cm. At this point, the shear wall design 
also satisfied the design code requirements. The reward progressively 
increased with the number of episodes, indicating continuous policy 
improvement. When using the XGBoost-based method, the policy 
initially performed poorly during the first 20,000 iterations, resulting in 
low rewards. In the subsequent stages, the total reward tended to an 
upward trend and gradually stabilized, suggesting that the algorithm 
had converged and identified a relatively optimal policy. Compared 
with Method 1, Method 2 exhibits lower volatility and better stability, 
achieving a higher final reward level with a more favorable upward 
trend. The use of the XGBoost-based method demonstrates clear ad
vantages. This superiority may stem from the fact that the code-based 
formulation in Method 1 lacks sufficient sensitivity to parameter vari
ations. Consequently, any changes in parameters would necessitate rule 
redesign or model adjustment, thereby limiting the adaptability and 
robustness of the DRL model. This observation demonstrates SAC’s 
ability to design shear wall structures that meets the strength re
quirements as well as optimizes cost, achieving a balance between the 
safety and economic efficiency.

After training, the SAC agent was tested on 110 randomly generated 
design cases. The DRL model produced 100 shear wall structures sub
jected to randomly generated Vu ranging from 200 to 1500 kN, and an 
additional 10 designs with Vu between 1500 and 1700 kN. The trained 
SAC successfully designed all cases without any violations, and saved 
material costs. For each design case, Fig. 9 shows the reward values for 
all successful cases. It can be observed that the design cost increases as 
the shear demand of the shear wall increases. The variation trends of 
shear wall parameters designed using both methods were generally 
consistent with respect to the shear demand, except for the amount of 
longitudinal reinforcement. This discrepancy is because the design code 
formulas do not consider the contribution of longitudinal reinforcement 
to the shear strength. On the other hand, the XGBoost training results 
indicated that longitudinal reinforcement affected the shear wall design. 
Moreover, since the accuracy of XGBoost predictions heavily depends on 
the quantity and diversity of the training data, the trend between the 
number of transverse bars and the shear demand Vu (Fig. 10(e)) does not 
exhibit a clear linear pattern in some automated designs. This issue was 
primarily attributed to insufficient training data or the need for addi
tional training iterations. As shown in Figs. 9(a) and 10(a), for both 
methods, the shear strengths of the designed walls were consistently 
greater than the shear demands, generally maintaining a margin within 
50 %. This indicates that no excessive shear strength design occurs, 
which contributes to reduced material consumption and improved 
structural efficiency. The shear wall width (bw) and thickness (t) also 
increased with the increase in shear demand. According to the strength 
calculation formulas (Eqs. (10) and (11)), the most effective way to 
improve the shear strength is to enlarge the cross-sectional area. Addi
tionally, in order to satisfy the maximum spacing requirements, the 
amount of longitudinal reinforcement increased accordingly as the wall 
width increased. In terms of reinforcement configuration, the rein
forcement ratio is mainly increased by enlarging the amount of rebar, 
while the diameter of rebars is constant at 6 mm. From Figs. 9(f) and 10
(f), it can be seen that the design rewards are all above 50, indicating 
that the designs meet the requirements while keeping the cost within 1.2 
Cm. Further validation on shear demands range from 1500 to 1700 kN 
showed that the DRL agent sustained stable and reliable performance, 
demonstrating its ability to generalize beyond the training range. As 
shown in Fig. 11, the policy can be visualized and interpreted by human 
design engineers. States and actions form a path through the solution 

Table 4 
Parametric setting in the simulation.

Item Description

Action dim 6
State dim 9
Learning rate of actor 1e-4
Learning rate of critic 1e-3
Gamma 0.95
Tau 0.005
Buffer size 30000
Batch size 128
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space which provides insights of the learned behavior. Since the thick
ness (t) in this study was determined based on the data range used for 
training the XGBoost-based method, some of the generated design cases 
may not fully comply with practical engineering requirements. Never
theless, certain results still possess valuable engineering significance.

4.2. Design comparison with genetic algorithm

Atabay [12] used a genetic algorithm (GA) to optimize the cost of RC 
shear walls, treating shear wall dimensions as design variables. The 

objective was to find the optimal shear wall dimensions that minimize 
total material cost, and a corresponding computer program was devel
oped for optimization calculations. Method 1 and Method 2 produced 
similar results in automated design, so that only Method 2 was selected 
for comparison with the GA algorithm. The Genetic Algorithm (GA) was 
configured with a population size of 200 and 50 generations. The 
crossover and mutation probabilities were set to 0.7 and 0.2, respec
tively, using a blend crossover operator (crossover weight=0.5). The 
fitness function was defined consistently with the reward function of the 
DRL model. Fig. 12 shows the shear wall system that needs to be 

Fig. 8. Reward variations according to episodes.
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optimized. The floor has no beams, and each floor has a total of 10 shear 
walls. The height of the shear wall is assumed to be constant, and the 
shear demand and axial force acting on the shear wall are known. Both 
DRL and GA aim to design shear walls by finding the optimal values for 
the shear wall width, thickness, and the index and number of transverse 
reinforcements. This study used Atabay [12] method and layout of shear 
wall in plan, but the material cost and shear wall constraints were 
determined from the methods in Section 3.

Table 5 and Table 6 compare the shear wall structures generated by 
the DRL and GA, respectively, both of which meet the design code re
quirements. And the variation of the design parameters with Vu is shown 
in Fig. 13. From the shear walls generated by both the DRL and GA, it is 

evident that the shear walls designed by DRL are more economical, with 
SW9 exceeding the budget of the GA-designed shear walls, the differ
ences remain minimal. In terms of shear wall design, both methods share 
the objective of minimizing the cross-sectional dimensions and the 
amount of reinforcement used. Both methods identified that minimizing 
the rebar diameter could effectively reduce the overall cost. In the case 
of small cross-sections, both approaches also demonstrated an increase 
in the cross-sectional area with the growth of shear force Vu. For 
example, in the design of SW2 and SW4, which have similar shear de
mands, the parameters generated by the DRL-based design approach are 
nearly identical. In contrast, the shear wall parameters optimized by the 
GA algorithm exhibit significant variation. A similar phenomenon can 
also be observed in SW9 and SW10. This discrepancy is primarily 
attributed to the inherent randomness of the GA optimization process. 
DRL was able to learn design strategies from historical training data. In 
contrast, the GA method performed noticeably worse than DRL in 
generating appropriate wall thickness and the numbers of transverse 
bars. This is primarily because the GA often becomes trapped in local 
optima during the optimization process, which is a common issue when 
solving high-dimensional optimization problems. It is worth noting that 
the performance of GA is also heavily influenced by the choice of 
encoding methods and hyperparameter settings. During the process of 
automatically generating 10 shear walls, DRL took 0.1 s, while the GA 
took about 200 s, showing a significant improvement in computational 
efficiency with DRL compared to the GA.

4.3. Extension in I-shape shear wall

To demonstrate the potential of DRL in the design of more complex 
shear wall configurations, such as I-shaped walls, the DRL framework 
was retrained for the automated design of non-rectangular shear walls. 
The cross-section of the I-shaped wall is shown in Fig. 14 (a). The design 
variables for the wall geometry include the wall web thickness (S1), wall 
width (S2), flange width (S3), and flange thickness (S4). The 
reinforcement-related design variables include the longitudinal and 
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Fig. 12. Layout of shear wall in plan (unit: m).

Table 5 
Structural parameters of the shear wall generated by Method 2.

Item SW1 SW2 SW3 SW4 SW5 SW6 SW7 SW8 SW9 SW10

Width (mm) 1682 1250 1370 1380 1673 811 1264 1315 1603 1734
Thickness (mm) 202 240 100 200 153 100 104 202 253 202
dl (mm) 6 6 6 6 6 6 6 6 6 6
Nl 52 55 35 45 53 44 44 62 32 38
dt (mm) 6 6 6 6 6 6 6 6 6 6
Nt 50 55 90 57 77 99 74 54 42 36
Vn (kN) 1545 1396 623 1443 1164 369 598 1390 1464 1592
Vu (kN) 1259 1378 365 1388 1022 326 562 912 1445 1455
Material cost ($) 57.7 46.8 39.7 49.5 54.6 34.1 36.6 47.3 49.3 53.3

Table 6 
Structural parameters of the shear wall generated by GA.

Item SW1 SW2 SW3 SW4 SW5 SW6 SW7 SW8 SW9 SW10

Width (mm) 1089 1029 500 737 873 691 854 1661 1459 2488
Thickness (mm) 208 295 198 416 259 275 147 121 218 137
dl (mm) 6 6 6 6 6 6 6 6 6 6
Nl 52 12 8 10 6 20 6 24 8 10
dt (mm) 8 8 20 10 8 8 12 6 6 16
Nt 63 36 103 66 101 47 150 104 52 11
Vn (kN) 1295 1380 450 1394 1028 370 571 914 1446 1550
Vu (kN) 1259 1378 365 1388 1022 326 562 912 1445 1455
Material cost ($) 58.1 47.8 74.5 50.5 63.5 35.5 73.5 47.5 44.5 62.3
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transverse reinforcement ratios of the web (ρv and ρh), as well as the 
reinforcement ratio of the flange (ρL). In total, the DRL model optimizes 
seven design parameters.

The target shear capacity for the I-shaped walls was set within the 
range of 500–1500 kN, DRL Method 2 was employed for training. A 
total of 100,000 episodes were executed. Upon completion of the 
training, two I-shaped shear walls were randomly designed for valida
tion. The results are presented in Fig. 14. The generated dimensions 
S1–S4 show no clear correlation with Vu. However, the web area 
(S1 ×S2) increases with higher Vu, while the flange area (S3 ×S4) de
creases as Vu increases. This trend is consistent with Eq. (11), where 
under high shear force(Vu) the value of Aw/A increases, thereby 
enhancing the contribution of axial force to the overall shear capacity. 
As the Vu increases, the horizontal reinforcement ratio shows a notice
able growth, whereas the vertical reinforcement ratio remains nearly 
constant. The flange reinforcement ratio also exhibits a general 
decreasing tendency. The results indicate that the DRL framework 
originally developed for rectangular shear wall design can be readily 
extended to I-shaped configurations, achieving short design times while 
fully satisfying code requirements. Overall, the DRL-based shear wall 
design approach demonstrates strong scalability, being capable of 
designing both rectangular and non-rectangular shear walls, although 
the limited availability of I-shaped wall data in the database still imposes 
certain constraints on the accuracy of XGBoost-based predictions for 
such configurations.

5. Discussion

DRL is capable of automating design tasks by finding policies that 
lead from initial to suitable parametric designs. However, several chal
lenges arise when employing deep reinforcement learning (DRL) for the 
design of building structures. As previously mentioned, DRL involves a 
multitude of hyperparameters, which need to be re-optimized for 
different training tasks, thereby increasing the workload associated with 
DRL. Moreover, even with identical hyperparameter settings, the final 
models would still vary in different training tasks due to the stochastic 
nature of DRL’s exploration in the solution space. Additionally, in this 
study, the structures designed using DRL are not yet fully mature for 
practical engineering applications and require further constraints and 
training to ensure that the shear walls meet real-world requirements. For 
example, the designed walls may have relatively large widths or rein
forcement spacings that differ from typical engineering practice. 
Therefore, incorporating the experience of skilled structural engineers is 
essential to introduce more practical constraints during training and 
achieve more realistic and applicable design solutions. Lastly, a single 
training task often necessitates a large number of episodes, each 
comprising numerous steps, which results in substantial computational 
resource consumption. This makes the computational cost of individual 
calculations or model optimizations quite high.

Nevertheless, DRL also demonstrates considerable potential wide
spread application in the design of building structures. Most notably, for 
design tasks involving a large number of repetitive structures. DRL can 
rapidly generate design outcomes after a single training process, thereby 
significantly enhancing engineering design efficiency. Similarly, the 
proposed framework can be extended to automated design under other 
design codes by adjusting the detailed provisions specified in the 
respective standards. Additionally, achieving a fully automated design 
would require incorporating more action variables into the training 
process, which would, however, require significantly more computa
tional resources. Moreover, pre-training the DRL model [53,54] using 
existing design data can improve the accuracy and rationality of the 
design results. In addition to enabling the automated design of struc
tures, DRL also excels in the optimization of existing schemes. The agent 
evolves structural parameters from an initial state through dynamic 
interaction with the environment, ultimately yielding designs that 
satisfy all constraints. Once trained, the DRL model can be directly 
applied to diverse working conditions or initial schemes, drastically 
reducing repetitive iterations and computational costs, and thus out
performing traditional meta-heuristic algorithms in optimization 
efficiency.

6. Conclusion

In the present study, deep reinforcement learning (DRL) using design 
code and XGBoost was applied to propose an automated design method 
for shear wall. The approach adopts a conventional DRL framework, 
consisting of an agent, environment, and their interactions through ac
tions, rewards, and states. The automatic design method for shear walls 
employs a trial-and-error approach to autonomous learning, interacting 
with defined normative rewards and load resistance rewards, aiming to 
maximize the reward and generate reasonable structures. After 100,000 
training episodes, the DRL successfully designed shear walls, and it was 
further validated through testing on 110 shear wall structures. 
Compared with traditional optimization algorithms, the computational 
results demonstrate the distinct advantages of the DRL, including faster 
computation and significant cost savings. The primary conclusions are 
as follows: 

(1) The SAC algorithm is used to design shear wall structures, and a 
reward function and computational framework for shear wall 
design are established. The method provides reasonable design 
and economic optimization of shear wall structures while 
ensuring compliance with design code.

(2) For training DRL for shear wall design, the design code-based 
method and XGBoost-based method were applied. Both 
methods enable fast and accurate structural design, offering 
valuable physical knowledge and experience to automated design 
of shear wall structures. The XGBoost-based method achieves 
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convergence within fewer episodes, but the method depends on 
the quantity and quality of the collected data. In contrast, the 
design code-based method without data collection exhibits slow 
convergence, but reveals relatively reasonable design results.

(3) Both the DRL and GA methods were used to design 10 shear walls. 
Compared with traditional GA method, the DRL method designs 
demonstrated greater rationality and applicability to real world 
engineering practice. Specifically, the DRL-based shear wall 
design method was able to complete the design process within 
0.1 s, leveraging the design experience and strategies acquired 
during the training phase. The DRL method is more suitable for 
design tasks that involve a large number of repetitive operations.

(4) The DRL-based automated design of shear walls can be extended 
from rectangular configurations to I-shaped shear walls, demon
strating the transferability of the DRL approach.

The present study primarily focuses on the automated design of 
simple shear wall structures, serving as an initial exploration. The 
structural forms considered are relatively simple, and only material cost 
was taken into account. In practical applications, however, additional 
constraints should be considered. Moreover, the development of auto
mated design methods for integrated structures composed of shear 
walls, beams, and columns still requires further investigation.
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