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Abstract Reinforcement learning has shown good control performance for various active control
problems. However, research has rarely been conducted on a semi-active control algorithm developed
using reinforcement learning. In the reinforcement learning process, an agent is trained by interacting
with a given environment and learns what actions receive the most rewards in its current state to
maximize the sum of the rewards. In this study, a semi-active control algorithm was developed using
reinforcement learning. In order to apply reinforcement learning, a 26-story building structure was
constructed as an example by using a semi-active mid-story isolation system with a magnetorheological
damper. Artificial ground motions were generated for numerical simulation. The example building
structure and seismic excitation were used to make an environment for reinforcement learning. An agent
interacting with the constructed environment was set as a semi-active control algorithm. The reward of
reinforcement learning was designed to reduce the peak story drift and the isolation story drift. Skyhook
and groundhook control algorithms were used for comparative study. Based on numerical results, this
paper shows that the proposed control algorithm can effectively reduce the seismic responses of

building structures with a semi-active mid-story isolation system.

Keywords : Semi-Active Control Algorithm, Reinforcement Learning, Seismic Response Control, Semi-Active
Mid-Story Isolation System, Skyhook, Groundhook
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Fig. 1. Analytical model of 26-story example structure
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Fig. 2. Artificial ground acceleration
(a) Earthquake for training (b) Earthquake for verification
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Table 1. Hyperparameters for DQN training

Item Value

Learning rate 0.001
Target update frequency 4
Discount factor 0.99
Mini batch size 256
Activation function ReLU
Optimizer Adam

Gradient threshold 1
Max. episode 10,000
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