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Abstract — The seismic design of steel dampers is critical for enhancing the structural resilience of buildings under seismic loads.
However, achieving cost-effective and tailored solutions remains challenging due to the diverse seismic demands of different
structures. This study introduces a generative design framework for unstructured steel dampers, optimizing seismic
performance and construction costs. Pareto-optimal solutions derived through optimization form the training dataset for a deep
learning generative model, which integrates Variational Autoencoders (VAE) to improve data distribution and ensure feasible
designs. This research presents a scalable approach to seismic design, leveraging advanced deep learning techniques and
optimization to achieve resilience and cost-efficiency in steel damper applications.
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Table 2. Comparison of FEA and CNN model

Area .Er}erg.y
[mm?] dissipation
[J]

CNN predict 24,834 23,783

Design 1 FEA 27,234 25,947
Error (%) 8.81 8.34

CNN predict 20,588 12,459

Design 2 FEA 22,515 12,122
Error (%) 8.56 2.78
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