FARI: Robust One-Step Inversion for Watermarking in Diffusion Models
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Figure 1: Left: Visualization of the inversion error, where latent vectors are projected down to 3 i one TR D g Bt — U
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channels via PCA for display. Middle: Curvature of generation and inversion trajectories across bb IM(I'“ | =

diffusion timesteps. Discrete curvature estimated using 100 unconditionally generated images from
Stable Diffusion v2.1. Right: The resulting error for generation and inversion when reducing the
NFE, compared with a 50-step NFE baseline.
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