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Abstract

Reinforcement learning (RL) is widely applied to various engineering fields. Especially, RL has shown successful
performance for control problems, such as vehicles, robotics, and active structural control system. However, little research
on application of RL to optimal structural design has conducted to date. In this study, the possibility of application of RL
to structural design of reinforced concrete (RC) beam was investigated. The example of RC beam structural design problem
introduced in previous study was used for comparative study. Deep g-network (DQN) is a famous RL algorithm presenting
good performance in the discrete action space and thus it was used in this study. The action of DQN agent is required to
represent design variables of RC beam. However, the number of design variables of RC beam is too many to represent by
the action of conventional DQN. To solve this problem, multi-agent DON was used in this study. For more effective
reinforcement learning process, DDQN (Double Q-Learning) that is an advanced version of a conventional DQN was
employed. The multi-agent of DDQN was trained for optimal structural design of RC beam to satisfy American Concrete
Institute (318) without any hand-labeled dataset. Five agents of DDQN provides actions for beam with, beam depth, main
rebar size, number of main rebar, and shear stirrup size, respectively. Five agents of DDQN were trained for 10,000
episodes and the performance of the multi-agent of DDQN was evaluated with 100 test design cases. This study shows that
the multi-agent DDQN algorithm can provide successfully structural design results of RC beam.
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(Fig. 1) Configuration of example RC beam

(Table 1) Material properties and load values

Design Variable Value Unit

Dead load 0.5~3.0 kip/ft

Live load 0.5~3.0 kip/ft
Beam length 15~30 ft
Conc. comp. strength 4 ksi
Rebar strength 60 ksi
Rebar elastic modulus 29,000 ksi
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(Fig. 2) Configuration of RL environment
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(Table 2) Section dimensions and rebar

Design Variable Range Unit
Section depth 10~60 in.
Section width 10~20 in.

Main rebar size #6,7,8,9,10 -

Number of main rebar 2~6 EA
Stirrup size #3,45 -
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(Table 3) Agent types of RL algorithms

Agent Type Action Space
Q-Learning | Value-Based Discrete
DON | Value-Based Discrete
SARSA | Value-Based Discrete

PG Policy-Based | Discrete, Continuous
AC Actor-Critic | Discrete, Continuous
PPO Actor-Critic | Discrete, Continuous

DDPG Actor-Critic Continuous
TD3 Actor-Critic Continuous
SAC Actor-Critic Continuous
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(Table 4) Actions of multi-agent

Multi-Agent|  Actions Design Variables
Agentl | 10~60(step:2) | Section depth
Agent2 | 10~20(step:1) | Section width
Agent3 6,7,8,9,10 Main rebar size
Agent4 2,345,6 # of main rebar
Agentb 34,5 Stirrup size
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(Table b) Hyperparameters for Multi-agent DDQN

[tem Value
Number of agents 5
Learning rate 0.001
Target update frequency 1
Discount factor 1
Mini batch size 16
Activation function Relu
Optimizer Adam
Max. episode 10,000
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AAAIE RO FR™oR ERI6H] SliAl Kol
Zol7} 15, 20, 25, 30 Q1 A<o] thall (Table 6)0]
LIERAQICE 3ol Hi= HiQF o] HO| &(d), HHI(Db),
HZET F7), 7l 501 & AFollA] Fere gaglE

off QleiM AdsiA dei=e Zis & <+ QUth

(Table 6) Selected design results

Len| d | b [Rebar Igfyar SHITUP] Cost($) Reward
553612 8 | 2 | 4 |1607] 125
2036 [12] 8 | 2 | 4 |2143] 133
%5 3612 9 | 2 | 4 |387] 130
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