Q-Sched: Pushing the Boundaries of Few-Step Diffusion Models with Quantization-Aware Scheduling
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Compressing text-to-image diffusion models Q-Sched: A scheduler-level adaptation Quantitative results

Q-Sched outperforms MixDQ [1] and SVDQuant [2]

Few-Step Diffusion Distillation = |ntroduces lightweight, per-timestep coefficients that correct quantization-induced trajectory
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= Achieves this via distillation from a teacher model into a lightweight student sampler. = Enables quantized models to match or exceed full-precision quality in few-step regimes. cLIp I(;c;\reTT 0705 0797 0727 0731 0.716 0712 0714 0707
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= Commonly combined with few-step distillation to maximize efficiency and deployability. The Joint Alignment Quality (JAQ) loss
= However, introduces significant quality degradation due to accumulated quantization error. Q-Sched achieves pareto-optimality on large-scale human evaluation.
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Correcting the quantized sampling trajectory ® poxLmmo |
= Text Consistency (TC): encourages alignment between generated images and input prompts. 1,005 aith O-Sched (OUrS) e
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Q-Sched corrects the quantized sampling trajectory at the scheduler level.
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- Qe or =i U-Net Memory: 1.03 GB U-Net Memory: 0.257 GB U-Net Memory: 0.257 GB Q-Sched is a scheduler-level PTQ approach that adapts the diffusion sampler while keeping
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Per—timestep coefficients ( Cf, C?) live in the scheduler; model weights stay frozen. SDXL-Turbo (4-Step) Prompt: cute raccoon in cyberpunk attire, standing in front of a futuristic landscape, hyper detailed hwﬁ%s
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Q-Sched achieves competitive image quality on large-scale few-step diffusion models. @&Vﬁ“ iy
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