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Precision | Recall F &
BaseLine 91.05% | 90.99% | 91.02%
+SW2k 91.05% | 91.60% | 91.20%
+SW4k 90.79% | 91.84% | 91.31%
+SW8k 89.97% | 92.15% | 91.04%
+SW2k.4k 90.46% | 91.85% | 91.15%
+SW2k.8k 90.83% | 91.27% | 91.05%
+SW4k.8k 91.34% | 91.55% | 91.45%
+SW2k.4k.8k | 91.19% | 91.68% | 91.43%
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Precision | Recall F fH
BaseLine 85.26% | 85.43% | 85.34%
+SW2k 86.08% | 87.22% | 86.64%
+SW4k 85.41% | 87.56% | 86.47%
+SW8k 84.30% | 88.74% | 86.64%
+SW2k.4k 85.47% | 88.11% | 86.77%
+SW2k.8k 85.72% | 86.87% | 86.29%
+SW4k.8k 86.30% | 87.51% | 86.90%
+SW2k.4k.8k | 86.40% | 88.08% | 87.23%
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