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Retrieval-augmented content-aware layout generation

e Retrieve nearest neighbor examples based on the input image and
use them as a reference to augment the generation process.

e Propose a Retrieval-Augmented Layout Transformer (RALF)
designed to integrate retrieval augmentation for content-aware

\ layout generation.
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¢ High-dimensional Layout Structure
e Content-Layout Harmonization

e Controllability to User-Specified
Constraints
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e Contributions N
e Demonstrate the effectiveness of retrieval augmentation
In content-aware layout generation.
e Propose RALF:
Retrieval-Augmented Generation + Autoregressive Transformer.
e Show that RALF successfully generates high-quality layouts,
significantly outperforming baselines.
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