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[Abstract]

Diffusion models achieve state-of-the-art performance in image generation; however, their substantial memory and computational
requirements make practical deployment highly resource-intensive. To address this limitation, this study proposes a wavelet-based
low-bit quantization pipeline for Stable Diffusion XL (SDXL). The framework integrates weight-centric channel-wise smoothing
with a discrete wavelet transform (DWT) applied to intermediate U-Net feature maps. The proposed approach leverages the energy
compaction property of the DWT, where most structural information is concentrated in the LL subband. This enables subband-wise
adaptive quantization, in which different bit-widths are assigned based on the characteristics of each frequency component.
Furthermore, the weight-centric smoothing mechanism mitigates activation outliers through scale rebalancing, improving
quantization stability. Experimental results on an RTX 6000 GPU show that the proposed Wavelet-INT4 model reduces peak
VRAM usage by approximately 70% and achieves 1.24x faster inference than FP32 at a resolution of 1024x1024. Despite
aggressive compression, the model maintains high visual fidelity, with a CLIP-FID gap of 5 or less under identical prompts. These
results indicate that combining wavelet-based feature decomposition with weight-centric smoothing effectively improves the
trade-off between image quality, computational efficiency, and memory usage, enabling practical deployment of low-bit diffusion
models on consumer-grade hardware.
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(a) Without (b) With Quantization (c) With Quantization
Quantization (FP32) (INT4) (DWT+INT4)
8 7. 4 o|o|X|e| A|ZtH Z& H|w
Fig. 7. Comparison of visual quality of generated images

(Prompt: “beautiful scenery nature glass bottle landscape, purple
galaxy bottle, snowy forest in the background”, “an anime
illustration of a wiener schnitzel”)

(b) With Quantization (DWT+INT4)
3 8.2048x1024 37| o|o|X| EZ! H|w
Fig. 8. Quality comparison of 2048x1024 image

(Prompt: “cherry blossom scenery, dreamy spring korean
landscape, soft sunlight filtering through branches, romantic pastel
color palette, enchanting garden path”)
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