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A Target-Independent Method for Reinforcing Countability Prediction
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# 1 Majority Countability ZFIfE L /- BIERE

A—Fyr B MC Baseline
advantage 0.772 0.618
aid 0.943 0.671
authority 0.864 0.771
building 0.850 0.811
cover 0.926 0.537
detail 0.829 0.763
discipline 0.877 0.652
duty 0.839 0.714
football 0.938 0.930
gold 0.929 0.929
hair 0.914 0.902
improvement 0.735 0.685
necessity 0.769 0.590
paper 0.807 0.647
reason 0.858 0.822
sausage 0.821 0.750
sleep 0.901 0.765
stomach 0.778 0.778
study 0.824 0.781
truth 0.783 0.724
use 0.877 0.871
work 0.861 0.777
worry 0.871 0.843
Average 0.851 0.754
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A% 0.784) , FHET—FZORMVRBRVERC, BEFE
BRECAEDTHI L PMRATEL. Sz 5 L, BR
FEEX, EBROHBFBEEMENY —7y MATICR LT,
BIIEHTHD VLS.

F2 EBRER
5T mx e RN ODER
advantage 570 0.604 0.921 0.933 0.835
aid 385 0.665 0.873 0.909 0.909
authority 1162 0.760 0.851 0.857 0.849
building 1114 0.803 0.842 0.848 0.829
cover 210 0.567 0.757 0.790 0.771
detail 1157 0.760 0.904 0.906 0.831
discipline 204 0.593 0.745 0.804 0.789
duty 570 0.700 0.877 0.879 0.835
football 281 0.907 0.907 0.925 0.932
gold 140 0.929 0.929 0.929 0.921
hair 448 0.902 0.902 0.908 0.908
improvement 362 0.696 0.715 0.735 0.704
necessity 83 0.566 0.843 0.831 0.831
paper 1266 0642 0836 0859 0811
reason 1163 0.824 0.893 0.885 0.857
sausage 45 0.778 0.733 0.778 0.822
sleep 107 0.776 0.897 0.925 0.888
stomach 30 0.633 0.800 0.800 0.800
study 1162 0.779 0.819 0.832 0.791
truth 264 0.720 0.777 0.761 0.773
use 1390 0.869 0.863 0.879 0.872
work 3002 0.778 0.842 0.858 0.809
Wworry 119 0.798 0.840 0.874 0.832
Average 662 0.741 0.842 0.857 0.835
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