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Supplementary Material

S1. Ablation on Knowledge Distillation Strategies

Table S1. Quantitative comparison of knowledge distillation approaches on the SIDD [1] and DND [10] datasets.

Methods SIDD Validation SIDD Benchmark DND Benchmark
PSNRT(dB) SSIMT PSNRT(dB) SSIMT PSNR'(dB) SSIM'
Multi Teacher [2] 37.92 0.947 38.16 0.893 39.21 0.946

Recharged Distillation [5] 38.08 0.952 38.31 0.900 39.41 0.949

To enhance both computational efficiency and denoising performance, we distill the knowledge of a pretrained TM-BSN
into a lightweight student network. We compare two representative knowledge distillation strategies for distilling our model,
specifically the Multi-Teacher framework and Recharged Distillation (RD). Table S1 shows the quantitative results on the
SIDD validation set, SIDD benchmark, and DND benchmark. The RD approach consistently outperforms the Multi-Teacher
strategy across all evaluation settings, achieving higher PSNR and SSIM scores on every dataset. Based on these observations,
we adopt Recharged Distillation as our default knowledge transfer strategy.

S2. Additional Qualitative Comparison

We provide additional visual comparisons to further illustrate the effectiveness of our method. Figures S1, S2, and S3 present
qualitative results on the SIDD validation dataset, while Figures S4 and S5 provide additional examples from the DND
benchmark. These results offer a more comprehensive comparison across diverse scenes and noise levels.

Across all figures, our method consistently produces cleaner and more visually faithful restorations compared to existing
self-supervised denoising approaches. Competing methods often leave residual noise or suffer from oversmoothing, removing
essential texture details along with the noise. In contrast, our method effectively suppresses noise while preserving high-
frequency structures, resulting in sharper details and clearer patterns. These observations further validate the strong detail-
preserving capability of TM-BSN under real-world noise conditions.



(a) Noisy (b) AP-BSN [6] (c) PUCA [3] (d) C-BSN [4]

(e) SASL [7] (f) LG-BPN[11] (g) SDAP (E) [9] (h) AT-BSN (D) [2]

(i) APR (RD) [5] (j) TBSN [8] (k) TM-BSN (D) (Ours) ) GT

Figure S1. Additional qualitative comparison on the SIDD Validation dataset [1] (Sample A).
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Figure S2. Additional qualitative comparison on the SIDD Validation dataset [1] (Sample B).
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Figure S3. Additional qualitative comparison on the SIDD Validation dataset [1] (Sample C).



(f) AT-BSN (D) [2] (g) APR (RD) [5] (h) TBSN [8] (i) LG-BPN [11] (j) TM-BSN (D) (Ours)

Figure S4. Additional qualitative comparison on the DND benchmark [10] (Sample A).
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Figure S5. Additional qualitative comparison on the DND benchmark [10] (Sample B).
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