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Limitaion of Existing Methods
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Overall Architecture of seaMoE
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Overall Architecture of seaMoE
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Training Loss
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Experiment

Experimental Setting

Dataset

MSRB Dataset
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Optimizer : Adam
Learning Rate : 10e-4
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Experiment

Benchmark Experiment Result

MSRB Snowy-VAROS

Method PSNRT SSIMT PSNRT  Ssivf | arams(M)
UGAN [25] 5828 0946 1500  0.85 50.40
NU2Net [26] 2772 0911 1507  0.288 :
DnCNN [27] 2783 0894 1491 0262 0.55
Restormer [28] 2790 0897 1489 0275 26.11
HDCW-Net [29] 2606 0885 1517  0.292 6.99
TransWeather [30]  26.06  0.885  13.13  0.246 31.00
HiTrans [20] 2843 0967 1536 0317 2435
SeaMoE 3861 0968 1542  0.361 76.52
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Ablation Experiment Result

Variant State Router PSNRT  SSIM?T
Baseline X X 27.35 0.927
+ State v X 28.08 0.951
+ Multi-Branch w/o Router v X 28.25 0.955
SeaMoE v v 28.61 0.968
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Conclusion & Feature Work
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