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%Label 10 20 30 40 50
FERTE (K=3) 27.76+1.88 35.80+1.07 41.61+1.19 45.59+0.82 48.66+0.92
PR T (K=5) 27.82+2.11 36.21+0.87 41.39+0.82 45.54+0.68 48.56+0.82
RERFE (K=10) 27.99+2.09 36.21+0.98 41.71+1.30 45.59+0.71 48.39+0.66
Mean Teacher 26.52+2.03 34.91+1.58 40.47+1.87 44.85+0.77 47.91+0.85
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