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SFLora 90.39 89.50 99.61 99.73 87.70 84.39 20 Prophsad
ST-SFLora-Full 90.49 89.51 99.61 99.73 87.75 84.11 | | | . : :
ST-SFLora (Ours) 87.20 85.45 99.00 99.14 81.36 75.83 3 6 oo 12158
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