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Introduction Method Experiments
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¢ Compositional Learning, IL and SE. AN ret € \We also evaluate image generation quality (FID).
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Inference Conclusions and Future Work
Examples
R —— ¢ \We obtain competitive results in image generation quality using only 5 inference steps. Counter
Image Space Latent Space Sparse Latent Class Activation : ‘o . - . : .
Space Maps intuitively, more inference steps reduce data augmentation effectiveness. Our reasoning suggests this is
B due to the diffusion process not respecting existing labels.

S;rar::ale € We plan to experiment with larger datasets and a broader range of domains, and to evaluate on
compositional generalization specific tasks. \We also want to include the mask generation in the learning
process, and evaluate different ways to assign labels..
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