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Figure 1. Sample images generated by DyMO based on SDXL backbones.
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Flgure 4. Quahtatlve comparlson based on SDXL backbones

Figure 3 Qualltatlve comparlson based on SD V1. 5 backbones
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[0 Comparisons with other alignment methods across four metrics.
Table 1. Comparison of Al feedback on SD V1.5-based methods. Table 2. Comparison of Al feedback on SDXL-based methods.

* Training-based alignment methods are resource-intensive and lacks
generalization across diverse preferences.
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