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2 9F 50~60cm T79] W2 SRS AYaL glo], Al AT o] 7k wkskzAl  oleld(attention) WY Ex}A
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Local Convolution Block (LCB)
Local Convolution Block
(LCB)

Meso-OSA Block
Omni Self-Attention (OSA)

Global-OSA Block
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3 18] Fx 7N g7E A B Al ARklehks A ER
¥ 2ale PSNR 28.9108 dB, SSIM 0.67325 E4d5}e] 7]
Z°] Bicubic B o] F3lg Ao S BATh w2
PSNR 2]+ € M) A3 gl Al S AHRMSE)
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A} aE 22 B o]Edk A 99 EdAYH 1l
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Division PSNR SSIM
Omni—SR 28.9108 0.6732
Bicubic 26.5205 0.6144

Bicubic Omni-SR
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