












removing our S3Conv, GSSA, and SM-FNN from HSDT-
M. We also conduct the per-component ablation studies,
which are provided in the supplementary material.

Break-down Ablation. We provide the results of break-
down ablations in Tab. 4, in which we gradually add the
proposed blocks back to the baseline model. It can be seen
that GSSA provides the most performance gain, which can
be attributed to the importance of spectral correlations for
HSI denoising. The LQ guidance and SM-FFN improve
the models with negligible parameter growth, while S3Conv
improves the performance with even fewer parameters.

5. Conclusion
We present HSDT, an effective and flexible transformer

for hyperspectral image denoising. Built upon the hybrid
hierarchical architecture, our HSDT is equipped with a
novel S3Conv, GSSA, and SM-FFN module to effectively
integrate the local spectral-spatial inductive bias and the
long-range spectral dependency modeling. Our S3Conv ex-
tracts highly correlated local spatial-spectral features with-
out harming efficiency and flexibility, while the GSSA pro-
vides stronger capabilities for capturing global spectral cor-
relations, guided by a set of learnable queries that encode
the band-wise spectral signatures. With the SM-FFN to fur-
ther strengthen the aggregated features of more informative
regions, our model outperforms the existing SOTA methods
on various datasets under simulated and real-world noise.
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