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GENERATIVE DATASET DISTILLATION

*»» Dataset distillation synthesize a small dataset such that training a model
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. . . . When should mode guidance stop?
**The challenge is to generate a small, diverse, and representative dataset that . ARR——— -
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“* We propose a training-free method that to synthesize distilled datasets. Diffusion ‘\\Unguided |
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**Achieves state-of-the-art performance across multiple benchmarks.
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. , , , Mode & Effect of Mode Discovering Ablation with Diffusion Samplers
** Works with text-to-image models, even when not trained on target dataset. Discover 5. Unguided :
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COMPARISON WITH PREVIOUS WORK R T
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Wider t-SNE spread shows our method generates
a more diverse dataset.

poses, and viewpoints.



