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1. Teacher and student weights are strongly coupled in norm and direction, but the actual useful change is highly anisotropic.
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Figure 4. Qualitative comparison with other methods, where * indicates our reproduced results.

Highlights

= A weight-space analysis showing that direction reconstruction is the key mechanism behind one-step distillation.
= LoRaD: a parameter-efficient adapter that rotates pre-trained weight directions with learnable low-rank angles.
= WaDi: a VSD-based one-step distillation framework that uses LoRaD in both student and fake model branches.
= Strong generalization to controllable generation, relation inversion, high-resolution synthesis, and customization.

Downstream Tasks

Why LoRaD Works

Condition

Key idea: keep the norm, rotate the direction.

Instead of additive updates, LoRaD applies orthogonal 2 x 2 rotations over odd-even weight pairs, then factorizes the rotation angles as A - B to reduce trainable
parameters.

Result: more expressive direction updates, preserved norms, and a better quality- efficiency trade-off than LoRA / DoRA / FT.

Takeaways

Controlnet

= Direction-aware updates provide a more faithful target for one-step diffusion distillation than generic low-rank additive tuning.
= The method is backbone-agnostic and has been validated on SD 1.5, SD 2.1, and PixArt-a.
= WaDi achieves SOTA or near-SOTA image quality and text-image alignment while remaining training-efficient.
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